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Abstract

This thesis examines the effect of liquidity on excess stock returns on the Johannesburg Stock
Exchange (JSE) over the period 2003 to 2011. It builds on the findings of previous studies that
found size, value and momentum effects to be significant in explaining market anomalies by
adding a further explanatory factor, namely liquidity. A standard CAPM, as well as a
momentum-augmented Fama-French (1993: 3) model are employed to perform regression
analyses to examine the effect of the four variables on excess stock returns. Results suggested
that the log of the stock’s market value best captured the size effect, the earnings yield best
captured the value effect and the previous three month’s returns best captured the momentum
effect. Five liquidity proxies are used: the bid-ask spread first proposed by Amihud (1986: 223),
turnover, the price impact measure of Amihud (2002: 31) and two zero return measures
proposed by Lesmond et al. (1999: 1113). Despite prior studies having found liquidity to be an
influential factor, this thesis found the opposite to be true. This finding remains robust,
irrespective of the type of liquidity measure used. While size, value and momentum are found to
be significant to a certain extent in explaining excess stock returns over the period, liquidity is
not found to be significant. This is a surprising result, given that the JSE is seen as an emerging
market, which is generally regarded as illiquid. This fact is exacerbated by the fact that the JSE
is a highly concentrated and therefore skewed market that is dominated by only a handful of
shares. Hence liquidity is expected to be of utmost importance. The result that liquidity is
however not a priced factor on this market is therefore an important finding that requires further
analysis to determine why this is the case. In addition, significant non-zero intercepts remained,

indicating continued missing risk factors.

Key words:

Liquidity; size effect; value effect; momentum effect; excess stock returns; Johannesburg Stock
Exchange JSE
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Opsomming

In hierdie tesis word die effek van likiditeit op oormaat aandeel-opbrengste op die Johannesburg
Effektebeurs (JEB) ondersoek gedurende die periode 2003 tot 2011. Dit bou voort op die
bevindinge van vorige studies wat toon dat grootte, waarde en momentum beduidend is in die
verklaring van mark onreélmatighede deur ‘n addisionele verklarende faktor, likiditeit, toe te
voeg. ‘n Standaard kapitaalbateprysingsmodel (KBPM) sowel as ‘n momentum-aangepaste
Fama-French (1993: 3) model word gebruik om deur middel van regressie analise die effek van
die vier veranderlikes op oormaat aandeel-opbrengste te ondersoek. Die resultate toon dat die
grootte effek die beste verteenwoordig word deur die logaritme van die aandeel se mark
kapitalisasie, die verdienste-opbrengs verteenwoordig die waarde effek en die vorige drie-
maande opbrengskoerse verteenwoordig die momentum effek die beste. Vyf
likiditeitsveranderlikes is gebruik: bod-en-aanbod spreiding voorgestel deur Amihud (1986: 223),
omset, die prys-impak maatstaf van Amihud (2002: 31) en twee nul-opbrengskoers maatstawwe
voorgestel deur Lesmond et al. (1999: 1113). Afgesien van die feit dat vorige studies die effek
van likiditeit beduidend vind, word die teenoorgestelde in hierdie tesis gevind. Hierdie bevinding
bly robuus, ongeag van die likiditeitsveranderlike wat gebruik word. Terwyl bevind is dat
grootte, waarde en momentum beduidend is tot ‘n sekere mate in die verklaring van oormaat
aandeel-opbrengste tydens die periode, is geen aanduiding dat likiditeit ‘n addisionele
beduidende verklarende faktor is gevind nie. Hierdie bevinding is onverwags, aangesien die
JEB beskou word as ‘n ontluikende mark, wat normaalweg illikied is. Hierdie feit word vererger
deur dat die JEB hoogs gekonsentreerd is en dus ‘n skewe mark is wat oorheers word deur
slegs ‘n hand vol aandele. Dus word verwag dat likiditeit ‘n baie belangrike faktor behoort te
wees. Die bevinding dat likiditeit nie ‘n prysingsfaktor op hierdie mark is nie, is dus ‘n belangrike
bevinding en vereis verdere analise om vas te stel waarom dit die geval is. Addisioneel word
beduidende nie-nul afsnitte verkry, wat aandui dat daar steeds risiko faktore is wat nog nie

geidentifiseer is nie.

Sleutelwoorde:

Likiditeit; grootte; waarde effek; momentum effek; oormaat aandeel-opbrengste; Johsannesburg
Effektebeurs (JEB)
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CHAPTER 1
INTRODUCTION

11 INTRODUCTION

The ultimate goal of any active equity manager is to outperform not only the market but also
his peers. This has led to a substantial amount of research in this area, with the aim of
identifying methods or processes that can be used to achieve excess portfolio returns.
However, there has been much debate as to the usefulness of such research due to the
claim that markets are in fact efficient and that, as a consequence, share prices fully reflect
all available information in the market. This would mean that it is impossible to achieve
excess returns above the market. However, this did not discourage market participants and
researchers. As a result, it was found that certain market anomalies do exist, suggesting that
markets are in fact not efficient and hence that there are opportunities to earn excess

returns.

In particular, there is a substantial amount of evidence that there are three main market
factors that influence returns: namely the size, value and momentum of listed firms. It has
been shown that the combination of these factors better help explain stock returns, rather
than simply assuming that there is one single market factor that does this. These findings
reach as far back as the seventies and eighties, with the size factor first being documented
by Banz (1981: 3), Reinganum (1981: 19) and Fama and French (1992: 427). The value
effect was first proposed by Basu (1977: 663) and Reinganum (1981: 19), with the
momentum effect being a more recent finding (Jegadeesh and Titman (1993: 65) and
Brennan, Chordia and Subrahmanyam (1998: 345)). Subsequent research on these factors
has been plentiful. The seminal studies on these anomalies were published by Fama and
French over several years (1992, 1993 and 1998), who found that a firm’s size and its book-
to-market (B/M) ratio are better able to explain stock market returns than its market beta
alone. Their three-factor model has received much praise since, with many subsequent
studies assuming its accuracy. However, some practitioners questioned whether these two
factors alone could indeed explain market returns. This led to further studies being published
that expanded the Fama-French model by other factors, which included, amongst others a

momentum factor.

Although the majority of studies now agreed that the presence of size, value and momentum
factors could explain excess stock returns, the seminal paper published in the mid-eighties
by Amihud and Mendelsohn (1986: 223) suggested that liquidity may in fact be another

highly influential factor in explaining returns. This was an interesting proposal since Fama
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and French (1992: 427) identified that although liquidity is an important market-wide aspect,
it does not need to be taken into account implicitly in a model since the size and B/M factors
subsume its effect. Brennan, Chordia and Subrahmanyam (1998: 345) were the first to
extend the Fama-French (1993: 3) model by a liquidity factor, thereby testing whether the
earlier statement by Fama and French had any validity. Their work led to renewed interest in
determining a stock returns’ most influencing factors, since it was shown that after controlling

for size, B/M and other variables, liquidity remained an important factor in explaining returns.

So far, the majority of studies published that examine the influence of the above-mentioned
factors focus on the more developed markets, in particular the US market. However, as
investments in emerging markets, and in particular the South African market, have become
increasingly more popular, especially since the financial crisis of 2008, the effect of risk
factors on asset pricing has become more of a priority. Several studies have been published
that investigate the effect of size, value and momentum factors on stock returns on the
Johannesburg Stock Exchange (JSE). These include, amongst others, Plaistowe and Knight
(1986: 35), Robins, Sandler and Durand (1999: 53), Fraser and Page (2000: 25), van
Rensburg (2001: 45) and van Rensburg and Robertson (2003a: 7 and 2003b: 7). The effect
of liquidity on returns on the JSE, however, has not received much attention. The studies by
Bailey and Gilbert (2007: 19) and Basiewicz and Auret (2009: 23) are the most notable
exceptions, having clearly allowed for the effects of liquidity through the use of a liquidity
filter or an adjustment for trading costs. What no study on the JSE has done to date, though,
is allow for liquidity explicitly in a model in the form of a liquidity factor, proxied by a number
of different liquidity measures. Taking account of liquidity in this way would help better
determine if it is indeed a priced factor on the JSE and if it should therefore be taken into

account when making stock investment decisions. This research aims to bridge that gap.

1.2 PROBLEM STATEMENT

Liquidity is generally acknowledged to be an important factor in asset pricing. An asset’s
expected return is related to its sensitivity to certain state variables that help explain its price
shifts. “Liquidity appears to be a good candidate for a priced state variable. It is often viewed
as an important feature of the investment environment and macroeconomy, and recent
studies find that fluctuations in various measures of liquidity are correlated across assets”
(Pastor and Stambaugh, 2003: 643). Hence liquidity and its effect on pricing in terms of a
liquidity premium are an important aspect of the market that need to be taken into account.
Its impact is especially important for the South African market in the current economic
climate for two reasons: firstly because the South African market is seen as an emerging

market and secondly because of the financial crisis.
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The vast majority of research of the impact of liquidity on stock returns has focused on the
United States which is generally accepted to be the most developed and most liquid market
in the world. The South African market, in contrast, is seen as an emerging, small and illiquid
(albeit well-developed) market in which the effects of il/liquidity would be far more
pronounced. But this is not the only difference of this particular market to the US market. The
JSE is a highly concentrated market, dominated by only a couple of mining shares. The
FTSE/JSE All Share Index (ALSI) is an index consisting of around 164 stocks representing
around 99% of the total market capitalisation of all tradable ordinary stocks in South Africa
for companies listed on the main board of the JSE. As at July 2011 (and hence the end of
the sample period used in this research), in excess of 20% of the FTSE JSE All Share Index
was represented by only two mining companies. Additionally, the next 30% was represented
by only another five companies, meaning that half of the index was represented by only
seven companies. This is represented by Figure 1.1. Hence, the remaining 50% of the index
consists of 157 shares, of which a significant number are very small firms (by market
capitalisation), which are difficult to invest in and therefore seen as illiquid. As a result, the
effect of liquidity on stock returns should be analysed in detail for this market, to determine if

it is as influential a factor as it appears to be.

Figure 1.1 Distribution of (market capitalisation) weights on the ALSI (July 2011)

The figure illustrates the concentration of the ALSI by depicting the contribution of various stocks and
groups of stocks to the total value of the index as at July 2011.
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The second reason why the effects of liquidity on the JSE are particularly important at this
point in time is due to the effects of the financial crisis on markets worldwide. The ‘Sub-
Prime’ crisis was one of the first pointers towards the global Financial Crisis in 2008, where
the world suffered its first loss in the global GDP since World War Two. Emerging markets
contributed greatly to the growth in global markets indicating a sure road to recovery from
the recession. The sovereign debt crisis in Europe followed shortly afterwards sending the
global economy into a downward spiral once again. Despite the fact that Greece was bailed
out twice, and Ireland and Portugal were also helped by the European Central Bank, the
European economy still suffered financial and political turmoil. The global impact of both the
US and European Sovereign Debt crises was dampened by the strong growth of the
emerging markets. South Africa, an emerging market, showed better than expected growth
backed by the new National Credit Act that came into effect in 2007. This forced better credit
discipline onto South Africa, allowing it to survive a credit-induced recession. As at mid-
2011, they were however still experiencing uncertainty in the recovery of their business cycle
as well as the sporadic attitude of businesses and households. This economic turmoil led to
a severe decline in financial activity, which in turn led to an exacting dip in market-wide
liquidity. As a result, the effects of liquidity on asset pricing have become a rather prominent
topic for practitioners and researchers alike, with the aim of determining how pertinent an
issue it is and whether investment strategies need to be updated to take account of it

explicitly.

This leads to the research question of this thesis. In particular, four questions are asked:

What is the effect of liquidity on stock returns on the JSE?

Is it a priced factor?

Can it help explain the cause of excess stock returns?

Does it influence and help explain stock returns or is it subsumed by other factors?

The answers to these questions will hopefully assist investors in the South African market in
setting up their investment approaches and, in turn, outperform the market by maximising

their alpha-generation strategies.
14 CLARIFICATION OF KEY CONCEPTS

1.4.1 Liquidity

Liquidity is an elusive concept that is notoriously difficult to define. It is often described as the
ease with which an asset can be bought or sold without affecting the underlying price.
Therefore, the bigger the price movement due to a sale, the less liquid the underlying asset.

llliquidity has also been defined as the cost of immediate execution (Amihud and
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Mendelsohn, 1986: 223). However, these are both overly simplistic definitions since over the
years it has emerged that there are numerous dimensions that affect a stocks’ liquidity. One
cannot only take account of the time and price shifts of the asset, but one also needs to take
volume into account. Therefore, for this thesis, several measures are proposed and tested in
an attempt to take account of all possible dimensions of liquidity.

1.4.2 Market anomalies

A market anomaly, also known as market inefficiency, is a price or return irregularity that
seemingly contradicts the Efficient Market Hypothesis (EMH). The EMH assumes that
markets are efficient and therefore prices fully reflect all available information. This would
make it impossible for investors to outperform the market. However, the presence of market
participants who manage to consistently outperform the market suggest the existence of

market anomalies.
1.4.3 Investment strategies

Investors who allocate assets according to different investment strategies believe that the
market is not efficient and subsequently that they can outperform it to achieve excess
returns by exploiting market anomalies. In terms of equity investing, there are a certain
number of investment styles that are generally followed: value, growth, size and momentum
strategies. Value strategies focus on investing in shares with a low price relative to their
earnings or assets per share, while growth strategies focus on investing in high-earnings-
growth companies. Other investors focus on the size of the company, usually represented by
the firm’s market capitalisation. Finally, momentum investors take the share’s former
performance into account when investing. It is based on the premise that if investor
overreaction is present in the market, then buying past winners may generate excess returns

from the temporary over-valuation of the share price.

15 CONTRIBUTIONS

This thesis contributes to literature in numerous ways. Firstly, and most importantly, it
investigates the effect of liquidity on stock returns on the South African market. In particular,
it provides evidence on whether liquidity is a priced factor on the JSE. To the knowledge of
the author no such analysis has ever been performed on the South African stock market. In
addition, the existence of size, value and momentum factors is also investigated. The aim is

to determine which risk factor(s) best explain stock returns.

Secondly, a number of different liquidity measures are tested in order to determine the
variation in results that are obtained due to the various measures. This assists in capturing

the multiple dimensions of liquidity, which provide an added control for risk. It also helps
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identify which aspects of liquidity are most prominent for asset pricing on the South African
market. Since none of these measures have ever been examined on the JSE, the results will
hopefully shed some light as to the behaviour of liquidity in this market.

Therefore, findings will provide additional information as to the extent and significance of the
size, value and momentum effects on the South African market and also present evidence of

the influence and behaviour of liquidity on an important emerging market.

1.6 RESEARCH DESIGN AND METHODOLOGY
1.6.1 Modelling

Asset pricing models have received much attention in economic literature. Their robustness
and efficacy in correctly pricing assets is of utmost importance since an error could lead to
severe losses for investors. Despite the substantial amount of literature that has emerged,
no single model has been accepted by practitioners and academics alike. While certain
models have received more praise than others, drawbacks have been identified for all
models to date. This is because it is especially difficult to properly capture the actual
behaviour of asset prices, since they seem to behave in patterns that contradict the rational
market behaviour that these models are based on. Two rather well known ‘irrational
anomalous behavioural patterns are the ‘size effect’ and the ‘value effect’, both of which

have been mentioned above.

One of the first, and probably most commonly used, asset pricing models is the Capital
Asset Pricing Model (CAPM), developed by Sharpe(1964: 425), Lintner (1965: 47) and
Mossin (1966: 768). It is a univariate model that assumes that asset prices can be explained
by its market beta alone. It states that an asset’s systematic risk can be measured by the

ratio of its covariance with the market portfolio:

E(R) = R+ oym X (E(RMJ)—AZ;M
.. (1.1)
Where E(R;) is the expected return of asset i;
R is the return on the risk-free asset;
E(Ry) is the expected return of the market portfolio M;
Oim is the covariance of risky asset i with the market portfolio M;

o5 is the variance of the market portfolio M.



Stellenbosch University http://scholar.sun.ac.za

7

By defining ‘:'M as the beta of asset i (5;), then equation 1.1 can be rewritten as

2
M

E(R;) = Rs+ Bi (E(Ry) — Ry)
. (12)

However, an integral assumption of the CAPM is that markets are in equilibrium and that
market participants pursue a mean-variance optimising objective. In addition, it requires the
identification of the market portfolio, which in reality is unobservable. As a result, this led to
several inconsistencies between the theoretical expected returns obtained from the model
and those observed in the market. Most notable in this finding was that there are other
factors, beside market beta, that explain expected returns beyond that predicted by this
model. This led to the emergence of multi-factor models as substitutes for the CAPM in
predicting expected asset returns. The Arbitrage Pricing Theory (APT model) proposed by
Ross (1976: 341) is one such model, allowing the use of several factors to explain expected
returns. It also does not require an assumption as to the market portfolio and therefore

allows investors to price assets in inefficient capital markets:

ER;)) = Ry + Bi(E(RF)) — R¢) + ...+ B (E(RF,) — Ry)

... (1.3)
Where F, is the kth systematic risk factor that is common to all assets;
E(RFy) is the expected return on an asset with an average sensitivity
to movements in Fy;
E(RF,) — Ry is the expected risk premium on F; and
Bix is the sensitivity of asset i’s expected return to movements in

the risk premium on risk factor k.

In particular, Fama and French (1993: 3) developed a three-factor model that regresses the
realised excess returns of an asset on the market factor and two factor-mimicking portfolios
(the two factors being a size factor and a value factor). It has received much attention since
due to its improved ability to incorporate more factors into adequately explaining asset

returns.

This thesis makes use of both the CAPM and a momentum-augmented Fama-French model
to determine the effect of size, value, momentum and liquidity in explaining excess stock

returns on the JSE.
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1.6.2 Data analysis

Data is collected for the FTSE/JSE ALSI, a dataset that represents around 99% of stocks
listed on the JSE and is therefore representative of the entire market. Several data checks
were applied, thereby ensuring the data is free from outliers, selection and survivorship bias.
A time-series cross-sectional (TSCS) estimation with Newey-West standard errors is made
use of. Both a single-factor CAPM and a momentum-augmented Fama-French (1993) model
are tested, both with and without an added liquidity factor.

The methodology used in this thesis is divided into two sections. First, the size, value and
momentum effects are examined on the returns of stocks listed on the JSE. Different
measures will be employed to take account of the various effects in the hope of determining
the three most appropriate measures for each of the size, value and momentum effects.
Next, the effects of liquidity will be added to the analysis, using a number of liquidity proxies.
This will assist in analysing the effect of liquidity on stock returns, and will enable one to
determine whether liquidity is in fact a priced factor. The tests will be performed through the

use of regression analyses. This is done in four steps:

¢ A measure of size, value, momentum and liquidity are estimated in each month of the

sample for each individual stock.

o Portfolios are set up according to the intersection of size, value, momentum and
liquidity, the inclusion of the factors being dependent on the type of regression
analysis to be performed. This is performed on a yearly basis due to annual

rebalancing.

e For each portfolio the monthly excess portfolio return is calculated, in addition to the

size, value, momentum and liquidity factors.

e Using the excess returns and factors, the portfolio alphas and betas are estimated

and analyzed.

1.7 CHAPTER OUTLINE

The structure of the study is as follows. Chapter 2 provides a review of all relevant literature
on risk factors affecting stock returns both internationally and also specifically in South
Africa. This includes the effects of size, value, momentum and liquidity factors. Chapter 3
describes the data used and methodology employed in performing the analysis. It illustrates
the construction of the portfolios as well as the measurement of their excess returns and
evaluation of the size, value, momentum and liquidity factors. Chapter 4 provides a

discussion of the empirical findings. Finally, Chapter 5 offers a summary of the findings and
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any conclusions drawn from them. It also provides some recommendations for future

research.

1.8 NATURE AND FORM OF RESULTS

The findings from this papers’ analysis indicate that market, size, value and momentum
affect and partly explain excess stock returns on the JSE. The magnitude and importance of
each of the factors depends on the type of share being analysed. The strongest effect was
by far the momentum effect, which showed that the higher the momentum measure, the
higher the returns. This is in accordance with the overreaction hypothesis and therefore also
indicates that momentum investment strategies generate positive excess returns. These
findings were consistent over both models used. Overall, it was found that the size effect
was best captured by the firm’s market capitalisation, the value effect was best captured by
the firm’s earnings yield and the momentum effect was best captured by the share’s

previous 3-month’s returns.

However, contrary to the author’'s expectations and to findings by earlier studies on
emerging markets, liquidity was not found to be a significant factor. This result remained
robust, irrespective of the type of liquidity measure used. The most insignificant effect was
shown by both of the zeros measures, while the bid-ask spread and turnover measures
showed some changes to the excess returns, indicating that liquidity does in fact affect
returns and should be taken into account in investment decisions. This effect was very weak

though, leading to the final conclusion that it is not a priced factor.

1.9 CONCLUSION

Ever since the financial crisis hit markets worldwide, investors have been trying to gauge its
ramifications on market-wide principles that had previously been thought of as acceptable.
The effect of liquidity is one such principle. Investors have always known of the existence of
liquidity and have, up to a certain extent, taken account of it. However, the financial crisis
exacerbated its effect on the stock market, therefore reinforcing its importance. Researchers
and practitioners have since devoted a considerable amount of time to further analyse the
effects of liquidity. However, most of this (and previous) research has focused on the United
States market, which is a very different market to that of South Africa. This thesis aims to
determine whether liquidity is a priced factor on the JSE and therefore helps in explaining
excess stock returns. Previous literature has examined the effect of other important asset
pricing variables (such as size, value and momentum) on the JSE but none of them have
allowed explicitly for the effects of liquidity. The research presented here aims to fill that gap.

In particular, in addition to performing tests on the effects of size, value and momentum
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factors on excess stock returns, a liquidity factor is added to see its effect on stock return,
both on its own as well as in conjunction with the previous three factors. Two types of
regression models are used: the standard CAPM and a model similar to that suggested by
Fama and French (1993). The results are presented in the following chapters, preceded by

an extensive description of the previous analyses that led to this particular research.
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CHAPTER 2
LITERATURE REVIEW

2.1 INTRODUCTION

The Efficient Market Hypothesis (EMH) assumes that investors behave rationally and that
prices fully reflect all available public information. Hence, the market is assumed to be
efficient. However, for many years market participants have argued that this is not the case.
In fact, they believe that investors behave irrationally and therefore violate the assumptions
of the EMH. Since Modern Portfolio Theory (MPT), as established by Markowitz (1952: 77),
is dependent on the assumptions of the EMH, this has led to a great deal of research
relating to the validity and extensions of MPT. One such extension is the Capital Asset
Pricing Model (CAPM) developed by Sharpe (1964: 425), Lintner (1965: 13) and Mossin
(1966: 768), which has become one of the most commonly used models to price risky assets
in an efficient market. This model assumes that assets are only exposed to one significant
risk, namely market risk. This is a type of risk which cannot be reduced or eliminated through
diversification (systematic risk), unlike firm-specific (or unsystematic) risk. However, many
critiqgues of this model have been set forward and as a result multi-factor approaches to
asset pricing have been proposed as alternatives. The Arbitrage Pricing Theory (APT)
developed by Ross (1976: 341) is one such multi-factor model, addressing some problems
of the CAPM. It divides market risk into numerous constituents, each of which represents a

systematic risk factor that partially explains and determines asset returns.

However, the APT does not have one specific set of factors. Instead, correct identification of
its factors is a very important role in the success of the model. Empirical work devoted to
their identification has had important implications for investors on the allocation of their
assets. Three stock characteristics have been recognized as the main risk factors: a size
factor, a value factor (usually either P/E or B/M) and an overreaction factor. These effects
invalidate the assumption of efficiency since they can be exploited to outperform the market,

something that in theory should be impossible in an efficient market.

One may ask, though, why these well-documented anomalies continue to be as prevalent as
they are. With the amount of literature that is available on them, one might expect investors
to seize this opportunity to achieve abnormal profits relative to the market and so assist in

restoring market efficiency.

A possible explanation for the persistent continuation of the anomalies is the impact of
liquidity on the investment strategies that have been set up to take account of the observed

inefficiencies. The abnormal returns one can achieve by exploiting the anomalies are based
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on results that have been obtained from portfolios that were evaluated using observed,
qguoted prices. These returns may however not be achievable in reality due to the constraints
of liquidity in actual markets. It may not be possible for investors to achieve the desired
profits if markets are not only too small but also not particularly liquid. This may just be the
case in a fairly small market such as that of South Africa.

2.2 MARKET ANOMALIES

Due to the presence of market anomalies that seem to be indicators of inefficiency and
hence potential abnormal profits, much research has been devoted to determining how
exactly one can exploit them. It has generally been found that there are three types of effects
one can exploit: the size effect, the value effect and the overreaction hypothesis as
determined by De Bondt and Thaler (1985: 793). All three exhibit the same kind of
behaviour, namely that they can be split into two opposing investment styles: the size effect
can be split into large cap versus small cap, the value effect can be split into value versus

growth and the overreaction hypothesis can be split into momentum versus contrarian.
2.2.1 Size,value and overreaction anomalies

The seminal study that launched investors and researchers alike to investigate the cross-
sectional variation in average stock returns was undertaken by Basu (1977: 663). His study
was to lead to research in this area over several decades. Indeed, research is still being
published today. Basu (1977: 663) explored the relationship between the performance of
stocks on the New York Stock Exchange (NYSE) over the period 1956 and 1971 and their
respective price-to-earnings (P/E) ratios. It was found that the portfolios with the two lowest
P/E quintiles earned 16.3% and 13.5%, while the portfolios with the two highest P/E quintiles
earned between 9.3% and 9.5% per annum, respectively, over the 14-year period. However,
the higher returns of the low P/E portfolios were not due to higher risk, as indicated by

Jensen’s alpha'. Similarly, the beta coefficients® of the two lower quintile P/E portfolios were

! Jensen’s alpha, also referred to as the ex-post alpha, is obtained from a rearranged version of the CAPM
model, in the form of the following simple linear regression:

Rat — 1o = ap + Pa(Rue — 1) + &
where for period t, Ry, is the return on stock 4, ry, is the risk-free rate and Ry, is the market return. The term a, is
the intercept of the regression, B4 is the beta of the stock relative to the market and ¢; is the random error term of
the regression. The estimate of the intercept of the regression a4 is Jensen’s alpha. It can be interpreted as the
differential return of the stock compared to the return required to compensate for the systematic risk assumed by
the stock during the evaluation period.
% The beta coefficient for a stock (given by B, in the equation above) measures the sensitivity of a stocks return to
market movements. It is a linear measure of systematic risk and is equal to

Cov(Ry, Ry)
A7 Var(Ry)

Stocks with higher values of beta must offer investors with higher returns to compensate them for bearing higher
systematic risk.
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less than those of the two upper quintile P/E portfolios. This suggested that investors could
have benefited from investing in lower P/E stocks by possibly achieving higher risk-adjusted
returns compared to the higher P/E stocks. In turn, this implied that investors did not act
rationally since the growth stocks were priced higher than the less risky value stocks, which
seemed to offer higher returns. As a result, Basu (1977: 663) concluded that stock prices do
not instantaneously reflect all publicly available information, which allows investors to use

P/E ratios to outperform the market.

The earnings effect found by Basu (1977: 663) is but one effect. The value effect is another
such effect, established from different accounting ratios. The fundamental value of a firm can
be compared to its market value by examining sales, cash flows, dividends and book value.
Lakonishok, Shleifer and Vishny (1994: 1541) considered the value effect on stocks on the
NYSE and American Stock Exchange (AMEX) over the period 1963 to 1990 in order to
determine why they achieve higher returns. They did so by considering the book-to-market
ratio (B/M), cash flow-to-price ratio (C/P), earnings yield (EY) and growth in sales over the
previous five years, used as a proxy for growth of the firm. The results revealed that all of the
above mentioned factors affected, to varying degrees, the cross-section of returns for the
value strategies. Additionally, tests also indicated that the riskiness of value strategies
appeared to be no higher than those for growth strategies. It could therefore be concluded

that it was only the factors listed above that determined the abnormal returns.

Banz (1981: 3) examined the relationship between the risk-adjusted return and total market
capitalisation of common stocks on the NYSE over the period 1936 to 1975. He ran a
regression analysis and found that, on average, small cap firms had higher risk-adjusted
returns than large cap firms, a phenomenon he referred to as the ‘size effect’. However, the
linearity in the market proportions of the model was misspecified since this effect was found
to be significant only in the smallest size quintile and less pronounced in the other four
quintiles. This non-linear distribution of abnormal returns remained true even when the log of
the market proportions was applied, which should in theory have eliminated the skewness.
Banz (1981: 3) attributed these results to a misspecification of the CAPM. He did point out,
though, that size itself was not necessarily the actual factor affecting returns, but rather that
it was simply a proxy for the true underlying factor. Further research would be required to
determine the actual factors, yet Banz (1981: 3) did point out that the P/E ratio could be
eliminated from that list. This statement was based on the results of Reinganum (1981: 19),
who investigated the earnings yield effect on stock returns. He found that while the earnings
yield and value anomalies existed on their own, these two anomalies were seemingly related

to the same factors. Indeed, the earnings yield effect disappeared for both NYSE and AMEX
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stocks over the period 1967 to 1975 when controlled for size, but there was still a significant
size effect when the stocks were controlled for earnings. Hence the value anomaly seemed
to subsume the earnings yield anomaly. This would suggest that Basu's (1977: 663) P/E
effect was not an indication of market inefficiency but rather just a proxy for the size effect.
Reinganum (1981: 19) interpreted this as yet another misspecification of the CAPM.

Since then much research was performed on the size effect established by Banz (1981: 3),
starting with Roll (1981: 879). He put forth the notion that the difference in risk-adjusted
returns between small and large firms may actually be due to improper measurement of the
risk. The infrequent trading and therefore low liquidity of small firms’ stock may be resulting
in downward biased measures of risk (as measured by their beta) and subsequent
overestimated risk-adjusted returns, when based on the market model. Shortly after
publication of that research, Reinganum (1983: 89) returned with another paper, attempting
to give another possible explanation for the size effect, namely January tax-loss selling.
Firms, and in particular small firms, experience large returns in January. To determine
whether the January effect was related to tax-loss selling, tests were conducted on NYSE
and AMEX stocks from 1962 to 1979. It was found that the firms in the lower quartile (largest
price declines in early January) experienced greater returns than those firms in the upper
guartile (smallest price declines in early January). These results were consistent with the
tax-loss selling effect. However, this effect could not entirely explain the January effect. This
is because even small firms who were unlikely to be sold for tax reasons (for example prior

year’s winners) exhibited large returns in January.

So far the research relating to the identification of market anomalies influencing stock returns
had focused on fundamental factors relating to the efficiency of stocks and the market. De
Bondt and Thaler (1985: 793) took a different approach. They examined the psychological
behaviour of individuals in decision making processes, therefore exploring Behavioural
Finance for an explanation. Empirical research on monthly stock returns data from the NYSE
over the period 1933 to 1982 revealed that investors tended to overreact to the arrival of
unanticipated news. This suggested that investors are poor Bayesian decision-makers,
overreacting to recent information, be it good or bad. This phenomenon is known as the
overreaction hypothesis — individuals overweigh recent information and underweigh long-
term fundamental information. They obtained their results by computing the average
cumulative abnormal returns (ACAR) over 36-month periods for two portfolios: the winner
portfolio (contained stocks of prior winners) and the loser portfolio (contained stocks of the
prior losers). It was found that the loser portfolio outperformed the market by, on average,

19.6% per annum and the winner portfolio by, on average, 24.6% per annum. The winner
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portfolio performed relatively worse than the market though, earning around 5.0% less per
annum. Hence abnormal positive returns earned in the loser portfolios accumulated over
time, while in the winner portfolio abnormal negative returns were accumulated over time.
Using shorter time periods diminished the effect of the positive abnormal returns for the loser
portfolio. It was noted too, though, that the January effect seemed to have had an influence
on these results too — most of the excessive positive abnormal returns for the loser portfolio
were earned in January, even up to five years after formation. Therefore the tax-loss selling
effect as well as the overreaction hypothesis may be influencing the abnormal returns.

In their subsequent paper, De Bondt and Thaler (1987: 557) re-evaluated the overreaction
hypothesis by taking account of additional factors such as firm size, seasonality and
changes in risk as measured by CAPM-betas. Excess returns in January for past winners
were found to be negatively related to excess returns in the prior December, which may be
indicative of a capital gains tax ‘lock-in’ effect. CAPM-betas did not explain the winner-loser
effect when used as a measure of risk, nor could this effect be mainly attributed to the size

effect. All in all, the results supported the overreaction hypothesis found earlier.

Zarowin (1990: 113) re-examined the phenomenon of prior losers outperforming winners,
only to conclude that it was not due to investor overreaction but rather due to the size effect.
By replicating De Bondt and Thaler's (1985: 793) study, but adding minor adjustments such
as investigating the top and bottom quintiles (rather than the 35 or 50 most extreme firms),
they concluded that losers significantly outperformed winners and that neither the January
effect nor the differences in risk between the stocks could account for this return
discrepancy. However, Zarowin (1990: 113) did find that the poorest earners (lowest quintile)
were considerably smaller than the best earners (top quintile). When losers were matched
with winners of equal size, virtually no difference in returns was observed (except in
January). When losers were smaller than winners, they outperformed them; when losers
were greater than winners, they underperformed them. Hence the overreaction hypothesis
may actually be due to the tendency for losers to be smaller than winners and nothing else.
This suggests that the size effect may actually be the driving force behind differences in
return after all and that, along with the January effect, it subsumes the overreaction

hypothesis.

Jegadeesh and Titman (1993: 65) examined momentum investment strategies based on
buying winners and selling losers on the NYSE and AMEX over the period 1965 to 1989,
only to find that they achieved positive returns over 3- to 12-month horizons. The profitability
of the strategies was not due to systematic risk differences. They found that this strategy

realized positive abnormal returns in the short-term, up to 12 months after formation, which
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slowly dissipated over the following two years. This finding implied that earlier interpretations
of the mean reversal of returns documented by De Bondt and Thaler (1985: 793) were most
likely overly simplistic and just indications of short-term momentum that was observed

around the same time as portfolio formation, ignoring longer-term effects.

Fama and French (1992: 427) recognized the presence of two anomaly effects, the size and
value effects, and subsequently attempted to combine them. They investigated the
combined roles of market beta, size (as measured by market capitalisation), earnings-to-
price (E/P), leverage and book-to-market equity (BE/ME) in the cross-section of stock
returns on the NYSE, AMEX and the NASDAQ over the period 1963 to 1990. Empirical
studies had recognized each of these factors as possible determinants of abnormal returns,
from Banz's (1981: 3) identification of the size effect, to Chan, Hamao and Lakonishok's
(1991: 1739) identification of BE/ME as an explanatory variable in the cross-section of
returns on Japanese stocks. Beta, used alone or jointly with other variables, had little
predictive power for stock returns. On the other hand, size, E/P, leverage and BE/ME did
have explanatory power, with size and BE/ME seemingly subsuming the effects of E/P and

leverage. This provided further evidence of a misspecification of the CAPM.

Based on the results of their previous paper, Fama and French (1993: 3) proposed a three-
factor asset-pricing model that incorporated size and value risk premiums in addition to the

market risk premium of the CAPM (namely the beta). This model is shown in equation 2.1:

Rit— Rre = a;+ Bi(Rue — Rpt) + siSMBy + hHML, + &, (2.2)
where:

Ri: is the return on asset i in month t;

Rp is the return on the risk-free asset in month ¢;

a; is the regression intercept;

Bi is the beta coefficient of asset i;

Rm: — Rpt is the market risk premium in month t;

s; is the sensitivity of asset i’s return to movements in the size risk
premium SMB,;

h; is the sensitivity of asset i’s return to movements in the value risk
premium HML; and

Eit is the residual (random error) of the regression for asset i in

month t.
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The factor SMB (Small Minus Big) is the size factor and is calculated as the return on a zero-
cost portfolio that goes long stocks of small firms and shorts stock of large firms. Likewise,
the value factor, HML (High Minus Low), is calculated as the return on a zero-cost portfolio
that has long positions on high B/M firms and short positions on low B/M firms. The model is
set up so as to treat both the size and value effects independently.

Fama and French (1996: 55) applied their three-factor model to test the effect of anomalies
such as reversals in long-term returns, as found by De Bondt and Thaler (1985: 793),
continuation of short-term returns, as found by Jegadeesh and Titman (1993: 65), size,
BE/ME, E/P, C/P and past sales growth, factors suggested by Lakonishok et al. (1994:
1541), on the returns of common stock. Results showed that the three-factor model
explained all of these factors, save for the continuation of short-term returns effect of
Jegadeesh and Titman (1993: 65). Since all factors are in one way or another linked to the
firm’s value, Fama and French (1996: 55) argued that one should expect the effect of some
variables to be subsumed by other more influential variables. As a result, this three-factor
model can be viewed as a three-factor version of Merton's (1973: 867) intertemporal CAMP
(ICAPM) or Ross's (1976: 341) APT, indicating that the alternative variables tested did not

reveal additional aspects of risk beyond those explained by the size and B/M factors.

However, Vassalou and Xing (2004: 831) re-examined this finding and concluded that Fama
and French's (1996: 55) factors SMB and HML, which they found to be the main factors
affecting stock returns, are actually only proxies for another, more prevalent factor, namely
default risk. Both the size and B/M effects existed only in those segments of the market that
exhibited the highest default risk. This would indicate that default is a variable worth
considering, in addition to size and B/M. They did however state that SMB and HML also
appear to incorporate other price information not linked to default risk, therefore further

research is required to determine what exactly this information content may be.

Fama and French (2006: 491) reviewed the effects of B/M, profitability and asset growth. By
running cross-section regressions, using lagged profitability, asset growth and accruals as
proxies for expected profitability and investment, they found that they did have predictive
power for abnormal stock returns. Instead of considering return effects one variable at a
time, they tested and examined incremental cross-sectional effects of all variables based on
the fitted values. However, the variables tested did not exclusively account for the forecasts;
many variables contributed to the forecasts. Better proxies are needed to account for the
entire effect. However, overall, they found that their results corresponded with existing
literature, although no indication was obtained whether the relations obtained were due to

rational or irrational pricing.
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Lewellen and Nagel (2006: 289) considered the conditional CAPM to evaluate whether it
may explain the abnormal returns earned by stocks, when the CAPM fails to do so. In
theory, this model should explain the abnormal returns by taking account of the covariances
between betas, the market risk premium and market volatility. The authors formed value-
weighted portfolios consisting only of NYSE and AMEX common stock over the period 1964
to 2001 and used short-window regressions to estimate time series of conditional alphas and
betas for portfolios set up using size, B/M and momentum strategies. They found that the
conditional and unconditional alphas of all portfolios were very similar, both being large and
significant, a direct breach of the conditional CAPM. Although the conditional betas did vary
considerably from year to year, the variation was not extreme enough to account for the
anomalous pricing errors. Indeed, the betas did not covary with the market risk premium so
as to explain the magnitudes of the alphas. They concluded that the conditional CAPM does

not explain asset-pricing anomalies either.

Up to this point any research conducted and results obtained had been based on portfolios.
Avramov and Chordia (2006: 1001) decided to analyse whether asset pricing models can
also account for the size, value and momentum effects for single stocks. They tested seven
different models, including the CAPM and the Fama and French (1993: 3) three-factor
model, both as it was originally published as well as augmented by liquidity and momentum
factors. 7875 stocks from the NYSE, AMEX and NASDAQ over the period 1964 to 2001
were used in the analysis. Betas of individual stocks were varied with firm size and B/M, as
well as several macroeconomic variables such as turnover and past returns. Regression
analysis based on the variables mentioned was performed to obtain risk-adjusted returns
which were, in turn, regressed on size, B/M, turnover and past returns. It was found that
time-varying beta multifactor asset pricing models could explain the size and B/M effects,
while models with constant beta could not. However, none of the models could capture the
effect of liquidity or momentum on the cross-section of returns, even when returns were

adjusted by the corresponding factors.

Boynton and Oppenheimer (2006: 2617) recognised that biases may be distorting the return
measures. They tested two biases for their influences on market size, contrarian, momentum
and B/M anomalies for stocks on the NYSE, AMEX and NASDAQ over the period 1926 to
2001. First, they controlled for delisting effects, next for measurement error bias (with
reference to the bid-ask spread bounce). While corrections for the biases did decrease the
market size, contrarian and B/M anomalies, they did not entirely eliminate them. However,

correcting for bias increased the momentum anomaly.
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2.2.2 Stock market anomalies on the JSE: South African evidence

Over the years, all of the anomalies discussed above have also been examined on the
Johannesburg Stock Exchange (JSE). Plaistowe and Knight (1986: 35) compared the
cumulative weekly returns obtained from winner and loser portfolios up to a year after being
formed. 35 shares from the industrial sector over the period 1973 to 1980 were used in the
analysis. Shares were ranked according to the B/M ratios, with shares that were classified as
trading at a premium being placed in the winner portfolio, and those that were classified as
trading at a discount being placed in the loser portfolio. They found that the loser portfolio did
not exhibit abnormal returns relative to the RDM 100 Index of industrial shares, whereas the
winner portfolio did.

In response to De Bondt and Thaler's (1985: 793) observation of the overreaction hypothesis
on the NYSE, Page and Way (1992: 34) tested its existence on the JSE. Winner and loser
portfolios were constructed based on 36-month prior cumulative excess returns for shares
trading on the JSE over the period 1974 to 1989. It was found that portfolios of prior losers
significantly outperformed portfolios of prior winners which was consistent with the
overreaction hypothesis. The loser portfolios achieved an average outperformance of the
market of between 9% and 12%, while their winner counterparts underperformed between
3% and 7%. All in all, the loser portfolios outperformed the winner portfolios by a total of
almost 15% 36 months after formation. Consistent with US evidence, the majority of
abnormal returns were only realised in the second and third years after formation.
Additionally, the asymmetry of returns observed by De Bondt and Thaler (1985: 793) was
also found in their analysis, although to a somewhat smaller degree. The results indicated

long-term weak-form inefficiency on the JSE over the period investigated.

Several years after publication of this study Cubbin, Eidne, Firer and Gilbert (2006: 39) re-
examined the overreaction hypothesis on the JSE to determine whether there was still
evidence of it. They used shares listed on the JSE between October 1983 and December
2005, adjusted for survivorship bias, to construct winner and loser portfolios according to
their P/E ratios. It was found that the loser portfolios outperformed the winner portfolios, on
an average compounded return basis, by 11.15% per annum, relative to the Equally
Weighted Index (EWI) and by 11.5% per annum relative to the All Share Index (ALSI). This
finding was consistent with the overreaction hypothesis. However, they did find one
significant difference between their results and those of De Bondt and Thaler (1985: 793)
and Page and Way (1992: 34). In their studies the loser portfolios immediately outperformed

the winner portfolios in cumulative terms. Cubbin et al. (2006: 39) found that in cumulative
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terms the winner portfolio actually first outperformed the loser portfolio for the first eight

months, after which the loser portfolio started outperforming the winner portfolio.

Robins, Sandler and Durand (1999: 53) examined whether the size, value and January
effects observed in international markets also existed on the JSE. Data on industrial shares
listed on the JSE over the period 1986 to 1995 was analysed. Results indicated evidence of
the January effect, but no size or value effect was found to be significant. The lack of
evidence of the value effect was inconsistent with prior South African studies (Plaistowe and
Knight, 1986: 35 and Page and Way, 1992: 34). Auret and Cline (2011: 29) expanded the
study of Robins et al. (1999: 53) by considering the original period used by the earlier
authors (1988 to 1995) as well as a second period (1996 to 2006) to determine whether they
would obtain the same results for both periods. They did not find any significant value, size

or January effects in either period.

Fraser and Page (2000: 14) assessed value and momentum strategies on the JSE from
1973 to 1997 using cross-sectional regression. They found that both strategies could explain
the cross-sectional returns on the JSE when tested independently. There was no indication
of a correlation between the two strategies. Van Rensburg (2001: 45) took a closer look at
style anomalies on the JSE. He used monthly stock return data for industrial shares listed on
the JSE between 1983 and 1999 to test for the presence of style-based return anomalies
from a set of 23 factors. Tests identified eleven factors that remained significant after
portfolios were risk adjusted. Three types of ‘groupings’ were identified: value (earnings yield
and dividend yield), quality (market capitalisation, turnover, leverage and cash flow-to-debt)
and momentum (past three, six and twelve month’s returns). Cluster analysis suggested that
three style factors could be regarded as an economical representation of style-based risk on
the JSE. These were E/P (representing the value effect), market capitalisation (representing
the quality effect) and twelve months past positive returns (representing the momentum
effect). This suggested that any asset pricing model needs to be adjusted to take account of
these three sources of style-based risk.

Van Rensburg and Robertson (2003a: 7) re-examined the style anomaly debate on the JSE,
building on the work of Van Rensburg (2001: 45). He adopted the portfolio-based approach
to examine the effects of style anomalies. Van Rensburg and Robertson (2003a: 7) on the
other hand implemented a characteristic-based approach, examining the returns of each
individual share on the JSE over the period 1990 to 2000. The share returns were cross-
sectionally regressed on several style-based factors in order to determine a time series of
factor payoffs. Those factors identified as having high payoffs were subsequently used in a

stepwise permutation multivariate analysis. The multifactor model continually added factors
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that improved its explanatory power, while deleting those factors that did not. The univariate
test identified six factors as being most significant: price-to-book ratio (P/B), dividend yield
(DY), P/E, CIP, price-to-profit ratio and size (as measured by market capitalisation). The
subsequent multivariate analysis identified P/E and size as the most influential style-based
factors, subsuming all other factors. Unlike the findings of Fraser and Page (2000) and Van
Rensburg (2001), Van Rensburg and Robertson (2003a: 7) did not find any of the
momentum-based factors to be significant. Van Rensburg and Robertson (2003b) extended
their earlier study by applying the Fama and French (1992: 427) methodology for a more
detailed examination on the size and P/E factors identified above. Applying the methodology
to the same data set as in Van Rensburg and Robertson (2003a: 7), they found results both
consistent and inconsistent with international evidence. They found that, consistent with
international evidence, value firms (i.e. firms with low P/E ratios) earned higher returns and
had lower betas. However, they also found that small size firms earned higher returns but
had lower betas, which was inconsistent with international evidence which generally found
them to have high betas (indicating higher risk). This finding would indicate, for the first time,
that on the JSE returns are inversely related to beta. Furthermore, the findings of Fraser and
Page (2000: 14) and Van Rensburg and Robertson (2003a: 7) in that size and value effects,
as measured by market capitalisation and P/E respectively, operate independently of each

other was confirmed in Van Rensburg and Robertson's (2003b: 7) study.

Strugnell, Gilbert and Kruger (2011: 1) extended the work of Van Rensburg and Robertson
(2003b: 7) based on stock returns from the JSE for the period 1994 to 2007. Their results
confirmed earlier findings, with the size and value effect also being significant in their
analysis. More surprising though was their discovery of a negative relationship between
stock returns and beta, a result that was consistent with that of Van Rensburg and
Robertson (2003b: 7). They concluded that this result was not due to the specific sample
that was used in the 2003 paper since Strugnell et al. (2011: 1) covered a later, longer
period. When the effects of thin trading® were taken into account, however, the significance
of the estimated betas reduced considerably. At best, one may conclude that beta is
irrelevant in return-generating asset pricing models (such as the CAPM) on the JSE, in any
case when based on the ALSI as market proxy. They also found that analysis of
intermediate quintile portfolios revealed that the size effect appeared to be concentrated in

the smallest quintile of stocks on the JSE, with no significant difference in returns having

® Thin trading occurs when there are very few buy or sell orders in the market, resulting in low volume
days. This leads to more volatile prices and lower liquidity, making it more difficult to trade. The low
number of bids and asks will typically also lead to a higher bid-ask spread.
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been observed in the other four, larger quintiles. However, this was not the case with the
value effect, which appeared to have been observed across all stocks, although not
uniformly. Consistent with Van Rensburg and Robertson (2003b: 7), they found that the size
and value effect operated independently.

Bailey and Gilbert (2007: 19) examined the effect of liquidity on P/E return anomalies on the
JSE. They proposed that liquidity actually affects trading strategies to such an extent so as
to, at least partially, explain the return anomalies. The profits suggested by investing in the
strategies designed to take advantage of pricing anomalies “may not be either real, or
achievable, due to the lack of liquidity in the market necessary to trade shares at these
observed prices” (Bailey & Gilbert, 2007: 19). This suggested that it may only be possible to
achieve those profits in very large and highly liquid markets such as the NYSE. The JSE, on
the other hand, is a relatively small and illiquid market, possibly preventing or reducing the
realisation of anomalous profits. The authors analysed the effects of liquidity on the profits of
stocks on the ALSI for the JSE for the period 1982 to 2005, taking account of survivorship
bias. They introduced a liquidity cap, where shares were not included in the portfolio if the
average trading volume of that share was too low relative to the potential size of that share’s
position in the portfolio. Specifically, the liquidity cap was set as 50% of the expected trading
volume in a month. Seven differently sized portfolios were established and the effect of the
liquidity cap was analysed on each one. It was found that liquidity did affect the abnormal
profits, although in an asymmetrical way. The liquidity cap affected large investors more than
small investors, restricting the type and hence amount of shares they could have potentially
invested in. The shares that were being restricted were low P/E shares which were found in
the bottom end of the market. This is because those shares were too illiquid to invest in.
Once excluded from the analysis, the abnormal returns were virtually eliminated. Hence,
those investors hoping to benefit from abnormal returns from low P/E stocks should do so
only if they are prepared to accept liquidity risk. The opposite result was found for high P/E
stocks. It was found that the liquidity constraint only affected larger portfolios, increasing
excess losses. Therefore, the simplest way to profit from abnormal returns is to short most of

the liquid stocks.

A follow-up paper by Gilbert and Strugnell (2010: 31) examined the effects of survivorship
bias on the mean reversion of returns, in particular with reference to the papers by Cubbin et
al. (2006: 39) and Bailey and Gilbert (2007: 19). Both of the papers included delisted shares
in their data set in order to avoid the effects of survivorship bias. Gilbert and Strugnell’s
(2010: 31) paper extended their studies by expanding the period by another 21 months and

then comparing the results to another study based on the same period but comprising only
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currently listed shares. The aim was to determine if it really is necessary to add delisted
shares to a data set needed for the analysis of mean reversion, since collecting data on
delisted companies is a time-consuming and expensive process. Data was collected for
shares listed on the ALSI for the JSE for the period 1984 to 2007. It was found that
survivorship bias does affect results. However, this is not necessarily true for every type of
research. In particular, it appears that the results of Cubbin et al. (2006: 39) and Bailey and
Gilbert (2007: 19) on mean reversion of returns would not have been affected had their
database not been adjusted for survivorship bias.

Basiewicz and Auret (2009: 23) decided to analyse the cross-sections of returns on the JSE
yet again due to the disagreement on the pricing anomalies and more importantly the factors
driving those anomalies. They expanded the sample and based it on a different data set,
namely an unrestricted sample of all firms listed on the JSE between 1989 and 2005. In
addition, they also adjusted the data for trading costs and liquidity. Both the size and value
effects were found to be significant, with both effects persisting after adjustments for trading
costs and liquidity were made. It was also found that price constraints had a far more
significant effect than liquidity constraints. B/M was observed to have the strongest
predictability for abnormal returns, while E/P had the weakest. However, the return estimates
all turned out to be a lot lower than previous studies suggested, indicating the possibility that
excluding adjustments for trading costs and liquidity may in fact be partially responsible for
the excessively high returns documented earlier. Lastly, the size effect and value effect were
found to be independent of each other.

Basiewicz and Auret (2010: 13) tested the Fama and French (1993: 3) three-factor model of
asset pricing on the JSE. The data they used was based on stocks listed on the JSE over
the period 1992 to 2005. In addition, they compared the performance of this model to the
CAPM and APT models, in particular in explaining size and value effects. Tests were
performed on both grouped and ungrouped data. The time-series tests on grouped data
revealed that the three-factor model accounted for the value effect, while tests on ungrouped
data revealed that the BE/ME ratio lost its predictive power once size was included in the
model. Overall, the size effect lost some of its predictive power, but it had not disappeared
entirely. The authors proposed that the Fama and French (1993: 3) three-factor model

provided an adequate means to predict expected returns for stocks on the JSE.

2.3 LIQUIDITY MEASURES

The number of studies examining the existence of market anomalies resulting in abnormally
high stock returns is extensive. Many propositions have been put forth to identify and explain

the sources of these anomalies. The most common of these are factors such as the size of
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the firm, the value of the firm and past performance of the stock. However, in the more
recent studies many researchers have now alluded to another potentially highly influential
factor that could in part subsume the factors found to date: namely, the effect of (il)liquidity

on stock returns.

It has been hypothesized that liquidity may in fact be able to explain why abnormal returns
continue to exist, especially when so much research has been devoted to determining their
driving factors. One would expect market participants to set up investment strategies
designed to take advantage of these factors, resulting in the disappearance of abnormal
returns. However, this has not been the case, indicating that there are other, possibly more
important factors driving returns that have not yet been exposed.

Most of the research to date has not considered the effects of liquidity on returns. The most
notable exceptions are the papers by Bailey and Gilbert (2007: 19) and Basiewicz and Auret
(2009:23), who explicitly allowed for the effects of liquidity. It is important to take account of
it, since ignoring liquidity implicitly assumes that investors are able to trade at closing prices,
which may not always be the case in reality. This is especially true in smaller, less liquid

markets such as the JSE. Therefore, this assumption is not valid.

It is therefore important to determine what the market understands under the term ‘liquidity’,
as well as what measures have been proposed to measure it. Literature on this topic has
increased in the recent past, indicating the importance that market participants, as well as

researchers, are placing on recognizing and taking account of liquidity.
2.3.1 Bid-ask spread

Liquidity has been an elusive topic for many years now since it is not only difficult to define,
but it is also difficult to quantify. It was first introduced into literature by Keynes (1930: 67),
who proposed that ‘an asset is more liquid than another if it is more certainly realisable at
short notice without loss’ (Keynes, 1930: 67). Demsetz (1968: 33) attempted to quantify
liquidity as defined by Keynes (1930: 67), suggesting that the bid-ask spread of a stock gives
an indication of that stocks’ level of liquidity. He stipulated that the bid-ask spread provides
an indication of the immediacy of a transaction. Traders who require the asset need to be
willing to accept a higher price in order to fulfil the immediacy of the trade, while sellers can
benefit from selling at higher prices to indulge the trader’s needs. Numerous authors have
supported Demsetz's (1968: 33) measure of liquidity, amongst them Tinic (1972: 79) and
Amihud and Mendelson (1986: 223). In particular, Amihud and Mendelson (1986: 223)
argued that the quoted ask price reflects a premium for immediate buying, while the quoted
bid price reflects a discount for immediate sale. Therefore, the bid-ask spread gives an

indication of “the cost of immediate execution” (Amihud & Mendelson, 1986: 223), which is
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the definition of illiquidity according to the authors. They tested the spread-return relationship
using stock returns from the NYSE over the period 1961 to 1980. Their results suggested
that the liquidity of a stock is an increasing function of its price. Similarly, returns were also
an increasing function of the spread. These results remained robust even after adding the
size of the firm as an explanatory variable to the regression equations. However, this
definition and its subsequent measure of liquidity have been criticised as overly simplistic. It
has been suggested that liquidity has numerous dimensions (time, price and volume) and

that Keynes’ definition takes account of only one of those dimensions, namely time.

Several years after Demsetz (1968: 33) proposed the bid-ask spread as a proxy for liquidity,
Benston and Hagerman (1974: 353) put forth that even though the bid-ask spread can be
used as a proxy for liquidity, there are certain stock and market characteristics of the spread
that ultimately influence the magnitude of the measure. The characteristics analysed by the
authors are stock price, number of stockholders (a proxy for trading scale), number of
dealers (a proxy for competition) and unsystematic risk. Data was obtained for 314 over-the-
counter (OTC) firms over a five year period (1 January 1963 to 31 December 1967). They
found that all four characteristics had statistically significant, non-linear relationships with the
respective bid-ask spreads. Stock price was found to be the most significant explanatory
variable, with more expensive shares exhibiting higher spreads. However, this relationship
was not proportional, with a doubling of stock price resulting only in a 59% increase in price.
Trading scales as well as competition were both negatively related to spreads, with a
doubling in the number of stockholders and the number of dealers resulting in a 16.5% and
26.8% decrease in spread, respectively. This indicated the existence of economies of scale
in trading. Lastly, both systematic and unsystematic risks were tested to determine their

relations to bid-ask spreads. It was found that only unsystematic risk was related to spreads.

Stoll and Whaley (1983: 57) were the first to incorporate the effect of transaction costs on
the size effect. Previous studies had provided evidence that risk-adjusted returns for small
firms were substantially larger than those for large firms. However, the authors hypothesised
that this result may have been due to portfolios consisting mainly of small stocks incurring
higher transaction costs compared to portfolios with larger stocks. They therefore re-
evaluated the risk-adjusted returns, taking account of transaction costs to determine whether
this ‘missing factor’ could explain, at least partially, the small firm effect. The data used was
obtained from the Center for Research in Security Prices (CRSP), and consisted of NYSE
stocks traded on the exchange between 1955 and 1979. It was found that the small firm
effect did indeed exist; however, its emergence and magnitude depended on the investment

horizon of the particular investment. For an investment horizon of one month, returns on
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small firms were shown to be consistently negative. For horizons between three and twelve
months, the returns were not significantly different from zero. Therefore, abnormally large
positive risk-adjusted returns were only shown to appear for portfolios with investment

horizons of more than a year when taking account of transaction costs.

Eleswarapu and Reinganum (1993: 373) re-examined the liquidity occurrence by considering
the same measures on the NYSE as Amihud and Mendelson (1986: 223), but with an
updated period (1961 to 1990). Their results indicated a seasonality component, with the
only statistically significant return-spread relationship being evident in January, and no other
months. In addition, they also found a significant size effect, even after adjusting for spreads
and risk (in terms of beta). Hence it could be concluded that the premium associated with the

bid-ask spread is primarily a seasonal phenomenon.

The bid-ask spread does have some limitations though. As Grossman and Miller (1988: 617)
pointed out, the bid-ask spread measures the market maker’s return if both sides of the trade
were to be completed simultaneously. However, in most actual markets the orders do not
arrive simultaneously. Therefore, the price may change between the time one buys or sells,
and the market maker may end up making more or less than the quoted spread. Therefore,
the bid-ask spread gives no indication of the immediacy the market makers provide, which is

what the definition of liquidity had been based on.
2.3.2  Turnover and volume traded

Although it was widely accepted that transaction costs affect the demand for assets,
Constantinides (1986: 842) showed that they were actually only a second-order effect when
measuring returns according to equilibrium asset return models. However, this was not the
case when applying two-asset intertemporal models, in which case the transaction costs
exhibited first-order effects. By constructing endogenous equilibrium asset returns models
that take account of an investors’ expected utility, Constantinides (1986: 842) was able to
show that investors take on large transaction costs by significantly reducing the volume and
frequency of trade, resulting in lower turnover. As a result, turnover (which is of course linked
to volume of trade) allows one to take account of transaction costs for different trade sizes.
He also found that the liquidity premium due to transaction costs was small. Lastly, the effect
of volatility on returns was also examined. It was found that the more volatile an asset’s

return, the higher the trading cost due to the need to rebalance more frequently.

Using the turnover rate as a proxy for liquidity, Datar, Naik and Radcliffe (1998: 203) re-
examined Amihud and Mendelson's (1986: 223) model using all non-financial stocks listed
on the NYSE over the period 1962 to 1991. They defined the turnover rate as the number of

stocks traded divided by the number of stocks outstanding. They believed this to be a
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superior measure of illiquidity to the bid-ask spread since it not only makes more intuitive
sense, but it is also more readily available on a monthly basis. Their results were consistent
with those of Amihud and Mendelson (1986: 223). Stock returns were negatively related to
the turnover rate, even after controlling for the size, B/M and beta risk factors. This
supported the belief that less liquid stocks provide higher returns. Using a trimmed dataset to
remove the potential effect of outliers, similar results were obtained. This suggested that the
results were not driven by a small number of dominant outliers. On the contrary to
Eleswarapu and Reinganum (1993: 373), no January seasonality effect was found, with
returns being significantly related to turnover rates throughout the year.

Brennan, Chordia and Subrahmanyam (1998: 345) tested whether there is a relationship
between returns and several risk and non-risk firm characteristics. They first used an APT
type model to determine the risk factors that are most prevalent in estimating returns by
following a principal components approach. They then repeated the analysis using the Fama
and French (1993: 3) model. The risk factors used were firm size, B/M, dividend vyield,
lagged returns, as well as measures of liquidity such as share price and trading volume.
Therefore, a proxy for liquidity was included in the models, thereby estimating for the first
time the effect of this factor on asset returns. They opted for trading volume as this proxy
since it is directly linked to liquidity and it is also available monthly which is not the case with
the bid-ask spread. Data was obtained for both NYSE and NASDAQ stocks over the period
1966 to 1995. The size and B/M effects were found to be significant in the first model (using
principal components analysis), while in the Fama and French (1993: 3) model the effects
were attenuated both in magnitude and significance. Both models found a robust negative
cross-sectional relationship between returns and trading volume. This effect was evident for
risk-adjusted as well as risk-unadjusted returns, implying that trading volume was in fact
acting as a proxy for liquidity, and not simply as a loading on some factor that was not
included in the analysis. Lastly, since trading volume is measured differently on the NYSE
and NASDAQ, separate variables were included for the two exchanges. It was found that the
NASDAQ stocks exhibited much lower returns even after adjusting for the different risk

factors.
2.3.3 Time to optimum disposal

Lippman and McCall (1986: 43) referred to two dimensions in their measure of liquidity —
time and price. This lesser-used measure takes account of the trade-off of the price impact if
a trade were to go through and the price an investor could possibly obtain if he were to wait
a while in order to acquire a better price. The authors assumed that the investors decide

upon their own optimal policy in terms of how long they would be willing to wait and what
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price they would ultimately be prepared to buy at. The time it would take the investors to
complete a trade was then used as the measure of liquidity. If the optimum time to disposal
was small, then the asset would be classified as liquid, and vice versa. However, even
though this measure is theoretically tractable and intuitive, it has been disregarded by many
researchers and hence there is hardly any existing empirical evidence on it. This may be due
to the difficulty of obtaining the data needed for the measure.

234 Price impact

Certain practitioners used the liquidity ratio as a proxy for liquidity. In particular, they used a
liquidity ratio known as the Amivest measure, which was the ratio of the sum of daily volume
to the sum of daily return. However, there was some debate as to the validity of the liquidity
ratio as a proxy for liquidity. Grossman and Miller (1988: 617) criticised its use, drawing
attention to the fact that it is based solely on average price changes and average trading
volumes from the past. Hence, it cannot take account of what will happen to the price of an
asset if a larger-than-normal order was to be executed in the market. In addition, it cannot
differentiate whether any price variations are due to the lack of liquidity or the arrival of new
information. To overcome this problem, Brennan and Subrahmanyam (1996: 441) and more
importantly Amihud (2002: 31) introduced measures of (il)liquidity that took account of the
average daily association between a unit of trading volume and the resulting price change.
Even though their measures were still linked to the liquidity ratio, they were able to look at
the price variation over time to take account of the effect of different sized trades on the

price.

Brennan and Subrahmanyam (1996: 441) noted that one of the main causes of illiquidity was
adverse selection which occurred due to the presence of informed traders. They stated that
most of the previous literature on the relationship between an asset’s liquidity and return had
focused on the bid-ask spread as a measure of the level of liquidity. However, the authors
were not convinced of its usefulness due to its noisy nature (many large trades occur outside
the spread, as well as many small trades within it). Another measure of liquidity was
therefore proposed, namely price impact. The reasoning behind this measure was that, since
liquidity was defined as the ease with which you can trade large quantities of an asset over a
short period of time without affecting the price too much, this measure would be directly
linked to that definition. Price impact was measured as the slope of the relationship between
trading volume and price changes, denoted by A. In effect, A represented the slope
coefficient in a regression of price changes on signed order size, based on transactions
data. This allowed them to estimate both the variable and fixed costs of transacting, which in

turn would provide information on the influence of adverse selection on asset returns.



Stellenbosch University http://scholar.sun.ac.za

29

Results, based on NYSE-listed stocks between 1984 and 1987 and taking account of the
Fama and French (1993: 3) risk factors of size and B/M, indicated that there was a
significant concave relationship between the premium and the variable cost component.
However they also found that there was a convex relationship between the premium and the
fixed cost component, which was inconsistent with the Amihud and Mendelson (1986: 223)
model. In contrast to Eleswarapu and Reinganum (1993: 373), no evidence of a seasonality
effect was found in the liquidity premium.

Amihud (2002: 31) followed several years later with his study which was to become one of
the cornerstones for measuring liquidity. He showed a statistically significant time-varying
relationship between stock liquidity and expected returns. Amihud (2002: 31) postulated that
the measures of liquidity used up to the point of publication of his research required
microstructure data for their calculation, a type of data that was not available in most
markets for long periods of time. The measure he proposed overcame this setback by being
based on returns and volume data on a daily basis, both of which are readily available in
most markets. He defined stock illiquidity as the average ratio of the absolute value of the
daily return over the dollar trading volume on that day, a measure that is closely related to
the concept of price impact. Testing data for stocks listed on the NYSE over a 34-year period
from 1963 to 1997, he found that liquidity positively and significantly affected ex ante stock
returns, whereas unexpected liquidity negatively and significantly affected contemporaneous
stock returns. These results persisted even in the presence of size, momentum and beta,
indicating that excess returns due to the effects mentioned above may have been partially
due to changes in market liquidity. Hence, according to Amihud's (2002: 31) results, if
liquidity is priced correctly, then liquidity should predict future returns.

Péastor and Stambaugh (2003: 642) formulated another type of measure that is in line with
the notion of the price impact of liquidity. It is called the return reversal measure and relies
on the theory that order flow brings about greater return reversals when liquidity is lower. An
ordinary least squares (OLS) regression was run to determine the coefficient A that
represented the expected return reversal for a given trading volume. The thought behind this
measure was that order flow in one direction on a particular day was to be followed by a
price change in the opposite direction on the following day. Hence for less liquid assets,
order flow would bring about more significant price reversals (that is, they expected A to be
negative and greater in absolute value the less liquid the stock). This measure was therefore
related to the volume dimension of liquidity. Pastor and Stambaugh (2003: 642) investigated
whether liquidity was a state variable important for asset pricing, since it was generally seen

to be a variable affecting the investment environment and macroeconomy, as well as being a
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variable had been found to be correlated across assets. Data was obtained for stocks listed
on the NYSE and AMEX between 1966 and 1999. Results indicated that stocks with high
sensitivities to liquidity had on average a 7.5% higher return p.a. than stocks with low
sensitivities to liquidity. These results persisted even after adjusting for size, value and
momentum factors. The measure also exhibited significant commonality across stocks. Thus

liquidity seemed to be a priced state variable.

Acharya and Pedersen (2005: 375) used an augmented version of the Amihud (2002: 31)
measure of illiquidity in a model where investors were assumed to behave like one-period
agents. They defined a normalised measure of illiquidity that capped the maximum return
per dollar volume at 30%. This was because the authors believed that a per-trade cost
higher than 30% was excessive and would only have been due to low volume days. Their
measure was incorporated in a liquidity-adjusted CAPM developed by the authors, where the
expected return on a stock depended on its expected level of liquidity and the covariances of
both the asset’s return and the market return with liquidity. The model provided a good fit for
portfolios set up according to the level of liquidity, liquidity variation and size, but a poor fit for
portfolios set up according to B/M factors. In particular, they investigated three different risk
premiums and found that the risk premium due to liquidity sensitivity to market returns
displayed the most important source of liquidity risk (a premium of 0.82%), while the return
premium due to commonality in liquidity (0.08%) and the risk premium due to return
sensitivity to market liquidity (0.16%) were less important, though still significant. Therefore
liquidity explained around 1.1% of cross-sectional returns. Lastly, the model also illustrated
that liquidity was not only persistent, but also that it could predict future returns (while in the

case of contemporaneous returns it seemed to co-move with them).

The Amihud (2002: 31) measure was introduced by Gonzales and Rubio (2011: 53) into the
mean-variance framework in order to determine the optimal portfolio choice for stocks listed
on the Spanish Stock Market between 1991 and 2004. Two methods were used to
determine the effect of liquidity on optimal portfolio construction. First, another constraint
was added to the traditional mean-variance optimization to obtain the liquidity constrained
frontier. Second, the traditional objective function was adjusted by the use of a risk aversion
parameter which also took account of the level of liquidity which would be accepted by
individual investors. Results showed that the optimal portfolio choice was strongly affected
by the effects of liquidity. The association between liquidity and portfolio choice was found to
be heavily dependent on the level of market liquidity. It was also found that those investors

that had no particular preference for the level of liquidity they would accept ended up with
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optimal portfolios that had much lower levels of liquidity than those investors that did specify

some level of liquidity preference.
2.3.5 Zeroreturn

Lesmond, Ogden and Trzcinka (1999: 1113) argued that trading costs are important in
estimating the effect of liquidity on returns. However, estimates of these costs are often very
difficult to obtain, or even in certain cases impossible to obtain. They therefore developed a
new measure to estimate transaction costs which only required the time-series of daily stock
returns. It was called the zeroreturn measure. The argument behind this measure was that
informed investors only trade if the return they obtain would be profitable even after taking
account of transaction costs. Therefore, if the value of the information did not compensate
for the costs of trading, then the informed marginal trader would not trade. This would result
in a zero return since there would be no price movement from the previous day. A stock with
high transaction costs would have less price movements than a stock with low transaction
costs. Hence, for traders searching for liquidity, they would not trade those stocks with high
transaction costs if liquidity is low. The authors proposed two versions of zero returns as
proxies for liquidity. The first measure was based simply on the daily proportion of zero
returns in a particular month. The second measure allowed only for stocks with positive-
volume days that exhibited high transaction costs, since even on those days they were likely
to exhibit zero returns due to the costs possibly not having any information-revelation. Using
daily returns data for firms listed on the NYSE between 1963 and 1990, Lesmond et al.
(1999: 1113) found that for some of the smallest firms, as much as 80% of daily returns are
zero in any one year. Even some of the largest firms exhibited up to 40% of daily returns to
be zero in a year. The analysis revealed transaction costs of up to 1.2% for the largest decile
firms, and up to 10.3% for the smallest decile firms. In addition, the estimates had an 85%
correlation coefficient with the spread-plus-commissions measure, which at that point in time
had become the most commonly used measure of transaction costs. Their estimates of
trading costs were also substantially lower than those obtained from the spread-plus-
commissions measure, pointing towards the possibility that the previous measure had

actually overstated transaction costs (by as much as 50%).
2.3.6  Weighted order value

Marshall (2006: 21) proposed a different measure of liquidity that also takes account of all
three dimensions. The NYSE, AMEX and NASDAQ are all examples of hybrid quote-driven
markets. However, Marshall argued that since most international markets are actually order-
driven markets, the majority of the research that had been performed up to that point in time

may not be applicable since it was performed on data obtained from the three markets listed
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above. He therefore examined a new measure of liquidity on stocks listed on an order-driven
market, the Australian Stock Exchange (ASX), over the period 1991 to 2002. Previously
used trade-based measures were ex post rather than ex ante measures (such as trading
volume and turnover), providing no indication of what would happen in the future. Even
though the bid-ask spread does provide a good indication of liquidity available to small
investors in order-driven markets, it does not provide the true cost of trading for larger
investors since they may not be able to fill their orders at the best bid or ask price. The
liquidity proxy developed in this paper is the Weighted Order Value (WOV), which is better
suited to order-driven markets since it takes account of not only the bid-ask spread but also
the depth of the market. It is defined as the positive square root of the weighted bid value
multiplied by the weighted ask value. Orders in the order book are weighted according to the
probability that they will be executed. Beta, size, B/M and ROE are used as control variables
to take account of their well documented effect on risk-adjusted excess returns. The analysis
illustrated a negative relationship between returns and the WOV, implying that investors
require higher returns for holding less liquid stocks. This finding was consistent with previous
literature. In addition, the results were found to be evenly spread over the year, with no
seasonality effects being evident. This was in contrast to the results found by Eleswarapu
and Reinganum (1993: 373). Hence liquidity proxies in pure order-driven markets provided

the same results as those found in earlier studies.
2.3.7 The volatility of liquidity

Pereira and Zhang (2010: 1077) analysed the relationship between stock returns and the
volatility of liquidity. Most of the previous literature assumed that liquidity was constant over
the data period, an assumption the authors disagreed with. They measured liquidity
according to a stochastic price impact model, using the Amihud (2002: 31) measure as a
proxy for liquidity. Earlier papers that had considered the volatility of liquidity found that
stocks with more volatile liquidity exhibited lower returns. This finding contradicted the usual
risk-return trade-off documented by other authors. By implementing a utility-maximising
strategy in the form of a constant relative risk aversion (CRRA) model on NYSE and AMEX
stocks listed on the respective exchanges between 1963 and 2005, the puzzling findings
from earlier studies were confirmed. According to this model, a rational risk-averse investor
would adapt his trading to the particular state of liquidity in the market, trading large
guantities when liquidity was high and low quantities when it was low. Consequently, a high
liquidity state would provide an investor with enough time to properly time his trades.
Therefore a lower liquidity premium (which was defined as the additional return that an

investor would require on an illiquid stock in order to obtain the same amount of utility as a
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perfectly liquid stock would provide) would be needed for this case. This was consistent with
the negative relation between stock returns and the volatility of liquidity — stocks with higher
volatility of liquidity would require a lower return premium. Pereira and Zhang (2010: 1077)
also found that price impact Granger caused* trading volume in the time series: a greater
price impact brought about a lower trading volume. This supported their earlier result that the
return premium was a decreasing function of the volatility of liquidity due to investors
adapting their investment strategies according to the state of liquidity in the market.

Longstaff (2001: 407) analysed the optimal portfolio allocation when taking account of the
volatility of liquidity. Most intertemporal portfolio choice models assume that investors can
trade unlimited amount of stocks continuously. However, in reality investors face liquidity
constraints since it may sometimes be impossible to initiate or unwind positions for certain
stocks. This is directly linked to the thin trading found in many markets. Longstaff (2001:
407) defined liquidity as the amount of shares that can be traded per period. This strategy
appeared to endogenously imply that investors faced borrowing and short-selling
constraints, even though no such constraints were imposed in reality. A continuous-time
partial-equilibrium model was applied to determine the optimal weights which in turn were
used to establish the investor’s derived utility of wealth. By comparing the constrained and
unconstrained utilities of wealth, the shadow price of liquidity was calculated. This was
repeated for various parameter values. It was found that the liquidity discount was of
considerable size and significance. Hence the effect of liquidity constraints should not be

ignored in asset pricing and portfolio construction since it can severely alter the outcome.
2.3.8  Multiple measures

Most of the papers on liquidity measures mentioned so far considered only one single
measure as a proxy for liquidity and used that to test whether the level of an assets’ liquidity
was priced in the cross-section of returns. Since so many measures were put forth,
practitioners and researchers alike were left with an extensive list of possible proxies that
each had their own merits. However, as with any type of real-world problem, the abundance
of choice led many to wonder which of these measures was in fact ‘the best’ for different

types of analyses. That is when studies were performed to compare different measures in

* The Granger causality test is a statistical hypothesis test used to determine whether one time series
can assist in forecasting another. According to Granger causality, if X "Granger-causes" (or "G-
causes") Y, then past values of X should contain information that helps predict Y above and beyond
the information contained in past values of Y alone. Through the use of a series of t-tests and F-tests
on lagged values of X, this test analyses whether those X values provide statistically significant
information about future values of Y. Next, lagged values of Y are also included in the regression
analysis to determine whether they also have statistically significant forecasting power.
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the hope of narrowing the choice down to a few measures that could be described superior

to others.

Chordia, Roll and Subrahmanyam's (2000: 3) paper considered numerous liquidity proxies to
determine whether or not liquidity exhibits commonality. In other words, they examined
whether liquidity co-varied over time for individual stocks and the market as a whole. The
authors pointed out that no prior studies had ever focused on anything other than the market
microstructure effects of liquidity on single assets. They however wanted to explore the
common underlying determinants of liquidity and determine whether they possibly co-vary
over time. Using transactions data for the NYSE for the most recently available year, namely
1992, the authors found significant evidence of commonality. Liquidity measures such as the
guoted spreads, quoted depth and effective spreads of individual stocks all provided
indications of co-movement with market-wide liquidity. The results remained robust even
after taking account of certain individual causes of liquidity such as trading volume, volatility
and price. Hence liquidity risk could be described as a type of systematic risk that is priced in
equity markets. Linked to this research, Hasbrouck and Seppi (2001: 383) also examined
common underlying factors driving liquidity. Trade and quote data for the 30 stocks in the
Dow Jones Industrial Average (DJIA) in 1994 were obtained over 15-minute intervals.
Through the use of principal components analysis (PCA), cross-firm common factors were
found to be significant in both signed and absolute order flows. The first principal component
explained around 7.8% of total flow variance. When considering the common co-variation in
several liquidity proxies (such as the bid-ask spread as well as the quoted number of shares
traded), the results were less significant. Although the proxies did assist in explaining part of

the variation over time, the common factors obtained by PCA were relatively small.

Jones (2002) documented the existence of a time-series relationship between both the bid-
ask spread and turnover (used as measures for market liquidity) and expected market
returns. Hence, he was more interested in the relation over time rather than in the cross-
section of returns. Using spread data from stocks on the Dow Jones over the period 1900 to
2000, as well as turnover data for stocks listed on the NYSE between 1900 and 2000, the
analysis illustrated that the measures could both predict excess stock returns up to three
years ahead. High liquidity (high turnover or low spreads) predicted high stock returns.
Hence, the time-series variation of liquidity is an important indicator of future expected

returns.

Keene and Peterson (2007: 91) analysed the interaction between liquidity and other
variables that had been determined to be important factors in forecasting stock returns, such

as size, B/M and momentum. The Fama and French (1993: 3) model was adjusted and
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implemented, including an added factor for liquidity. Six liquidity proxies were used: dollar
volume of shares traded, share turnover, as well as the standard deviation and coefficient of
variation of both measures. 54 portfolios were constructed from monthly data obtained from
the CRSP data file over the period 1963 to 2002, leading to 54 time-series regressions. The
results implied that liquidity was indeed a priced factor explaining part of the variation in
returns even after taking account of size, B/M and momentum. However, the significance of

non-zero intercepts suggested that there were still missing risk factors affecting returns.

Ghysels and Pereira (2008: 679) tested the effect of three liquidity measures on the optimal
portfolio choice using a nonparametric approach to estimate the optimal asset allocations.
Using daily data from the NYSE over the period 1963 to 2000, the authors constructed two
portfolios (one including small shares and one large shares) taking account of three different
liquidity measures: price impact (Amihud, 2002: 31)), dollar volume traded (Brennan et al.,
1998: 345) and turnover (Datar et al., 1998: 203). Since none of the measures took account
of the time dimension of liquidity, a CRRA utility function was used to describe investors with
three different investment horizons: 1 day, 1 week and 1 month. The analysis showed that
the optimal asset allocation depended on both the asset and the investment horizon. For
small stocks, the optimal allocation was a strongly increasing function of liquidity at short
daily and weekly horizons. The results remained robust for all three measures of liquidity.
For large stocks, however, liquidity had no effect on the optimal allocation. For longer
investment horizons (one month) liquidity did not influence the allocations for small or large
stocks. The authors also used the findings of the nonparametric approach to identify a

parametric estimator. The results remained robust.

Goyenko, Holden and Trzcinka (2009: 153) tested the effectiveness of several liquidity
proxies on both high-frequency and low-frequency data to determine if they really do
measure liquidity and also to verify which measures are superior to others. They tested all
widely used measures of liquidity, such as the LOT, zeroreturns, Amihud (2002: 31) and
Amivest measures, amongst others. Three new proxies for effective and realized spread, as
well as nine new proxies for price impact were also tested. The effective and realized
spreads as well as several price impact measures were computed on two high-frequency
data sets. The same calculations were subsequently performed on a low-frequency data set
and compared to the results from the high-frequency data sets. Using a random sample of
400 stocks from the NYSE, AMEX and NASDAQ over the period 1993 to 2005, their results
demonstrated that the proxies were equivalent for both sets of data. In fact, the low-
frequency data measures captured the high-frequency data results so well that the authors

concluded that the cost and effort of using high-frequency data is not worth it. In particular,
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the Amihud (2002: 31) measure was found to be a superior proxy for price impact. Hence, it
was concluded that the liquidity proxies that had been used in past literature did in fact

measure liquidity.

In a more recent paper, Chai, Faff and Gharghori (2010: 181) examined the relationships
between liquidity proxies and certain trading characteristics to determine whether there are
common sources of liquidity. In particular, they wanted to analyse how certain proxies are
related to each other and also how they are related to the trading characteristics of equities.
As Marshall and Young (2003: 173) pointed out, the U.S. market is a quote-driven market.
However, since most international markets are actually order-driven markets, Chai et al.
(2010: 181) focused their study on data obtained from the Australian stock exchange, which
is an order-driven market. These markets tend to be more transparent and so exhibit a
higher level of liquidity. Six different liquidity proxies were examined: the proportional bid-ask
spread, turnover, Amihud's (2002: 31) illiquidity measure, Pastor and Stambaugh's (2003:
642) return reversal measure, the zeroreturn measure and turnover-adjusted number of zero
daily volumes. Results showed that in the cross-section of returns, the correlations amongst
the liquidity proxies analysed were low. This indicated that different proxies corresponded to
different dimensions of liquidity. When analysing the relation between the proxies and
stock’s trading characteristics, it was found that they were strongly related, indicating that
trading characteristics represented an important source of liquidity. However, this was not
the case with the return reversal measure, which was found not to depend on trading

characteristics at all.
2.3.9 Liquidity measures in emerging markets

Most of the studies mentioned so far have based their results on the US market, arguably
one of the most liquid markets in the world. The liquidity of emerging markets may present a
completely different picture. In these types of environments, liquidity may exhibit extreme
features. This is due to investment and therefore growth in emerging markets having
reached record highs over the last twenty years. Returns in these markets can be as high as
90%, far exceeding returns in the US market. This points to high volatility, and therefore risk,
inherent in emerging states. In addition, often investors may encounter barriers to investing,
leading to emerging markets being highly illiquid. Even though papers have been published
that measure the effect of liquidity within certain emerging markets, none of them have
compared different proxies for liquidity to determine which are most applicable and efficient
in these types of markets. Lesmond (2005: 411) analysed the effectiveness of five of the
most common liquidity measures. These were Roll's measure (1984) (this proxy measured

the bid-ask bounce-induced negative serial auto-correlation in returns in order to estimate



Stellenbosch University http://scholar.sun.ac.za

37

the effective spread), the Amivest measure, the Amihud (2002: 31) price impact measure,
turnover and a version of the zeroreturns measure based on likelihood estimation (also
referred to as the Lesmond, Ogden and Trzcinka (LOT) measure). The measures were
tested against the quoted bid-ask spread. Results indicated that liquidity costs varied greatly
over emerging markets, ranging from Taiwan’s liquidity costs of 1% to Russia’s costs of
47%. South Africa had liquidity costs of just over 6%, which was quite low in comparison to
other emerging markets. This indicated that the South African market is relatively liquid.
Lesmond (2005: 411) analysed the measures both on a cross-country and within-country
basis. Each measure showed weaknesses and strengths. However, overall the LOT
measure and Roll's measure represented cross-country liquidity effects better than the other
measures. Within-country liquidity was best measured by the LOT measure and Amihud
(2002: 31) measure. This was also the case in the South African market. Three types of
tests were performed to determine the efficacy of the measures for within-country liquidity,
namely regression analysis, factor analysis and a likelihood ratio test. In the case of South
Africa, all three tests identified the LOT measure followed by the Amihud (2002: 31) measure
as the most effective measures of liquidity. In addition, according to the factor analysis
performed, a single factor was sufficient to represent the majority of variation in liquidity of all
measures. Turnover performed worst in terms of measuring liquidity. Lastly, the political
climate in each emerging market was also examined to determine the extent to which that
may affect liquidity. It was found that markets with high incremental political risk exhibited
higher transaction costs by 10 basis points according to the LOT measure or a 1.9%
increase according to the Amihud (2002: 31) measure. Therefore the political stability of a

particular country also has an effect on transaction costs and hence the level of liquidity.

Bekaert, Harvey and Lundblad (2007: 1783) also examined the efficacy of liquidity measures
in emerging markets. However, they only considered two measures: firstly, the zeroreturn
measure and secondly a measure that takes account of the length of the non-trading (or
zero-return) interval. These measures were used due to their simplicity to both obtain data
for and to compute. The analysis revealed that, as the authors expected, the measures were
positively correlated with bid-ask spread and negatively correlated with turnover within the
emerging stock markets. In addition, the zeroreturns measure also predicted future stock
returns, whereas other measures such as turnover did not. Lastly, since certain emerging
markets are now integrated, Bekaert et al. (2007: 1783) also examined the possible effect of
the liberalization process on the relation between stock returns and liquidity. They suggested
that post liberalization, those countries that became integrated should exhibit higher liquidity
due to the process giving foreign investor the ability to also invest in that particular market. A

model was developed that differentiated between integrated and segmented markets and
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time periods. Results suggested that liquidity was a main factor driving returns. However, the

liberalization process did not fully remove the effects of liquidity.

In the most recent paper included in this literature review, Lischewski and Voronkova (2012:
8) analysed the effects of market, size, B/M and liquidity factors on the stock returns of the
biggest Central Eastern European (CEE) market, the Polish market. They argued that some
research had been done on emerging markets before, but that most of those studies omitted
the CEE markets. Several liquidity measures were employed in the analysis in order to
ensure the robustness of the results. These included the zeroreturn measure, the LOT
measure, the Amihud (2002: 31) measure, as well as Roll's (1984) measure of effective
spread. Results supported evidence of previous studies, in that market, size and B/M factors
have significant explanatory power for Polish stock returns. They did not manage to capture
the entire equity premium though, so the effect of liquidity was analysed. It was found that,
even though liquidity managed to reduce part of the excess abnormal returns, it did not
manage to explain them fully. The authors therefore concluded that liquidity was not a priced

factor for stocks on the Polish market.

However, comparatively little research has been performed for the South African stock
market, the JSE. De Villiers (1996: 76) discussed the appropriateness of six liquidity
measures. These were the bid-ask spread, volatility ratio, volume of trade, liquidity ratio,
price elasticity and time to optimum disposal. In 1992 the Katz Committee defined liquidity as
the annual turnover expressed as a percentage of market capitalisation. De Villiers (1996:
76) in turn examined the six measures to determine their importance and possible
effectiveness on the JSE. However, no empirical analysis was performed. He concluded that
no single measure could be seen as the most effective on the JSE since they all capture
different dimensions. Further research on measures that capture more dimensions would be

needed.

While Bailey and Gilbert (2007: 19) did attempt to incorporate the impact of liquidity on the
mean reversion of stock returns on the JSE, they did not apply any of the liquidity measures
mentioned above. This was due to the lack of data necessary for the calculation of the
measures. Basiewicz and Auret (2009: 23) modified their data to take account of transaction
costs and therefore liquidity. Although the authors recognized that the JSE is quite illiquid,
they also did not employ any of the above mentioned liquidity measures in to their model.
Therefore neither of these papers really analysed the effect of the most common liquidity
proxies that have been used so widely internationally on the returns of shares listed on the

JSE. This study will attempt to bridge that gap in literature.
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24 SUMMARY

The existence of the size, value and momentum effects has been well documented. These
risk factors seem to be able to explain most of the abnormal returns earned by common
stock. Ample research has also been performed on the existence of these anomalies on the
South African stock exchange, the JSE. It has been found that they affect returns on the JSE
in the same manner as elsewhere in the world and therefore can be used to construct
investment strategies that take these anomalies into account in order to try and outperform
the market. However, little-to-no research has been performed within the South African
environment to also incorporate the effects of liquidity on the performance of common stock.
This is still the case as at writing of this thesis, despite international evidence clearly pointing
out not only the existence, but also the importance, of liquidity as a determinant of stock

returns.

Many measures of liquidity have been proposed, each of them warranting its advantages but
also disadvantages. However, no one measure has been put forth as being superior to
others. The aim of this paper is to take account of several of the liquidity measures, together
with the size, value and momentum effects, to determine the effect of liquidity on returns on
the JSE. If liquidity does indeed play as big a role as expected, then the inclusion of it in the
construction of investment strategies based on size, value and momentum should enable us

to fully explain and capture the effects of abnormal excess risk-adjusted stock returns.
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 INTRODUCTION

An empirical method is applied to analyse the effect of four different factors on asset pricing:
size, value, momentum and liquidity. Data is obtained for all stocks that were listed on the
Johannesburg Stock Exchange (JSE) All Share Index (ALSI) over an 8.5 year period (2003
to 2011). Different databases are used to obtain two types of data: daily data for the

estimation of stock liquidity and monthly data for the asset pricing analysis.

An Ordinary Least Squares (OLS) methodology is applied to examine whether the observed
cross-sectional variation in stock returns can be explained by several liquidity measures.
This is done while controlling for well-established determinants of returns such as size, value
and momentum, all of which are easily observable stock characteristics. In order to achieve
this, stocks are sorted into different portfolios according to the four factors, after which an
OLS regression analysis will be performed on each portfolio. The results will illustrate
whether the four factors (and in particular liquidity) are indeed priced factors on the JSE.
This method, which has become standard practice in asset pricing tests, is similar to that
used by Lischewski and Voronkova (2012: 8), with the main adjustment being the additional

momentum effect that will be taken into account in this research.

3.2 LIQUIDITY PROXIES

Five measures of liquidity are used in this analysis, all of which have precedence in the
literature. The measures are bid-ask spread, turnover, price impact and two measures of
zeroreturn. They are each outlined below. The bid-ask spread was first suggested as a
liquidity measure by Amihud and Mendelson (1986: 223). Since it has had such an influential
effect on subsequent research in this area, this measure was included in this thesis to
examine its strength compared to some of the newer measures. The choice of which of the
more recent liquidity measures to include was based on the results of the study done by
Lesmond (2005: 411). He found the zeroreturns and the Amihud (2002: 31) price impact
measures to be the most effective measures of liquidity on the South African market,
according to the t-statistics of regression tests based on the measure, while turnover
performed the worst in terms of the level of significance of the t-statistic. In order to examine
whether the same results apply to the data set used in this thesis, all three measures were

included.
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3.2.1 Bid-ask spread

The proportional spread, based on the bid-ask spread measure first introduced by Amihud
and Mendelson (1986: 223), is used as a measure of transaction costs. The proportional bid-
ask spread for stock i in month ¢ is calculated as

Di,t A B
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l Di,t =i O'SPfd,t + O-SPEd,t

.. (3.2)

where p{?d't is the daily closing ask price for stock i on day d in month t and pfd’t is the daily
closing bid price for stock i on day d in month t. D; . is the number of trading days for which

data observations for stock i in month t were available.

The proportional spread is based on the quoted spread, which is the original measure
suggested by Amihud and Mendelson (1986: 223). It provides a direct measure of
transaction costs. According to results from previous studies, we would expect the spread to
be negatively related to liquidity — stocks with higher spreads tend to have lower liquidity.
The sign of the measure was flipped in order to make it a measure of liquidity and not
illiquidity. This ensures consistency with the other measures.

However, as pointed out by several authors, the bid-ask spread measure does have certain
shortcomings. In particular, it takes no account of transactions that occur outside of the
spread. Many trades do occur at prices other than the bid or ask prices since certain market
participants may be willing to buy or sell at higher or lower prices in order to fill their trades.
The spread takes no account of this.

3.2.2 Turnover

Turnover for stock i in month t is defined as the ratio of the number of shares traded to the

number of shares outstanding in that particular month. More precisely, it can be defined as
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where VOL,; 4. is the total trading volume for stock i on day d in month t and shares;, is the
total number of shares outstanding for stock i on day d in month ¢t. D;, is the number of

trading days for which data observations for stock i in month t were available.
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The turnover ratio is expected to be positively related to stock liquidity. In other words, the
higher the turnover of a particular firm, the more liquid its stock. This measure provides an
indication of liquidity by capturing trading frequency. It is therefore a rather intuitive measure
with the added benefit that it is easy to construct. However, as with the spread measure,
critiques have been set forward for it. In particular, the turnover ratio fails to capture the cost
per trade, which can vary considerably across assets. In addition, since trading volume
receives considerable attention during liquidity crunches such as occurred during the 2008
financial crisis, turnover tends to increase during these periods, rather than decrease. This
would indicate an increase in liquidity when in fact these periods are indicative of low market
liquidity.

3.2.3 Priceimpact

The price impact measure of Amihud (2002: 31), or illiquidity ratio, is defined as the “daily

price response associated with one dollar of trading volume” (Amihud, 2002: 32):
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where 1; 4 ¢ is the return for stock i on day d in month t and v; 4, is the Rand trading volume
in millions for stock i on day d in month t. D;, is the number of trading days for which data

observations for stock i in month ¢t were available.

An advantage of this measure is that it can be used even for days where there is no price
change, as is the case in many emerging markets. In fact, Lesmond (2005: 411) showed that
the Amihud measure was one of the best measures of price impact in South Africa. An
advantage of this ratio over turnover is that it takes account of the price movement of a
particular stock, therefore incorporating two dimensions of liquidity (price and volume).
However, it must be noted that since this ratio is undefined for zero-volume days, the

average can be determined only over positive-volume days.

This ratio provides an indication of the price impact of order flows. If a small trade causes a
large price impact (the price changes), then the stock is regarded as illiquid. Similarly, if a
large trade causes only a small price impact, the stock is seen as liquid. Hence this measure
is negatively related to liquidity. Its sign was flipped in order to make it a measure of liquidity

and not illiquidity. This ensures consistency with the other measures.

As with the other measures mentioned so far, the illiquidity ratio also has some drawbacks.

Since the measure is based on the average turnover and the average volume, both obtained
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from past data, it gives no indication as to the effect of large trades on the stock price. In
addition, the ratio cannot distinguish between price fluctuations due to the arrival of new
information and lack of liquidity.

3.24 Zeroreturn

Two measures of zeroreturn were developed by Lesmond, Ogden and Trzcinka (1999:
1113). The first measure includes all days on which a zero return was observed for a
particular stock. The second measure however, only includes those days for which positive-
volume days with zero returns were observed. The first zeroreturn measure can be defined

as

zeroreturn;,
zZeros;y = ————————
"7 tradingdays;,

.. (3.4)

where zeroreturn;, is the number of zero daily return days for stock i in month t and

tradingdays; ; is the number of trading days for stock i in month ¢.

The second definition of zeroreturns takes account of the number of positive volume zero

returns days:

posVOLzeroreturn;,

zeros2;s = -
ut tradingdays; ;

.. (3.5)

where posVOLzeroreturn;, is the number of positive volume zero daily return days for stock

i in month t and tradingdays; . is the number of trading days for stock i in month t.

The argument behind this measure is that informed investors only trade if the return they
obtain will be profitable even after taking account of transaction costs. Therefore, if the value
of the information does not compensate for the costs of trading, then the informed marginal
trader will not trade. This would result in a zero return since there would be no price

movement from the previous day.

The sign of the measure was flipped in order to make it a measure of liquidity and not
illiquidity. In order to convert the zeroreturn measures above into measures of liquidity, the
adjusted proxies of (1 — zeros;;) and (1 —zeros2;,) for the first and second measures

defined above were used, respectively. This ensures consistency with the other measures.

An advantage of this measure is that it requires only information on daily stock returns.

Hence it is easily measurable. This is especially important in emerging markets (such as the



Stellenbosch University http://scholar.sun.ac.za

44

JSE) where data may be hard to come by. Bekaert et al. (2007: 1783) used this measure as
a proxy for liquidity in emerging markets and found that it significantly predicts returns in
these markets. Therefore, it should be an appropriate proxy for liquidity on the JSE.

This measure has some drawbacks too. Firstly, lack of information flow may cause zero
return days. Secondly, smaller firms tend to have lower levels of trading than larger firms,
causing more zero return days. However, the measure takes no account of either of these
occurrences. Lastly, zeroreturn takes no account of price fluctuations that occur during the

day. It therefore cannot properly capture the complete behaviour of a stock.

3.3 VARIABLE SELECTION

Previous literature has documented the influence of size, value and momentum factors on
stock returns on the JSE. In particular, van Rensburg (2001: 45) identified market
capitalisation, earnings yield and three- and twelve-months past returns to be significant
factors on the JSE. Auret and Sinclaire (2006: 31) and Basiewicz and Auret (2009: 23) found
that the B/M ratio had strong predictive power for stock returns. Accordingly, six variables
are included in this research, each of which represents a particular factor within the model

(two size variables, two value variables and two momentum variables).
3.3.1 Size variables

Size has been identified as a significant influencing factor explaining abnormal returns. In
particular, market capitalisation has proved to be the most accurate measure of size. The
South African market, however, is unique in terms of the distribution of shares according to
market capitalisation. This market is dominated by a small number of companies and is
therefore significantly positively skewed. A transformation in the form of the natural logarithm
of market capitalisation is therefore applied to this variable in an attempt to eliminate its non-

normality.

For comparative reasons, the earnings per share (EPS) were included as a second size

variable.
3.3.2 Value variables

Value indicators represent the relationship between the price of a firm and its value, thereby
providing appropriate measures of value. Typical measures that have been proposed by
previous literature (refer to Chapter 2) are price-to-earnings and price-to-book. However, the
P/E multiple has presented researchers with certain drawbacks during times of negative
earnings since this would lead to negative P/E ratios. To avoid this, the inverse of the P/E

ratio (i.e. earnings yield) is used instead in this study.
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Lastly, the book-to-market (B/M) ratio has been one of the most commonly used measures
of value by researchers and practitioners alike. For consistency with the earnings vyield
measure above, the inverse of the market-to-book multiple is also used. To ensure that the
base value of the measure does not take on unnecessarily small values, the natural

logarithm of B/M was used as a value variable.
3.3.3 Momentum variables

Past studies, as well as market participants, argue that investment strategies based on
momentum and/or price-reversal can outperform the market. However, the research on
variables that can capture the momentum effect is not as extensive as that for the size and
value effects. Therefore many different variables could potentially be tested. In order to limit
the selection of variables, one particular South African study will be used as the basis for the
choice of momentum variables used in this thesis, namely that of van Rensburg (2001: 45).
He found three variables to be the most significant indicators for momentum strategies on
the JSE. These are the 3-, 6- and 12-months past stock returns. This study will therefore

limit its choice of momentum variables to the previous 3- and 12-months stock returns.

Table 3.1 summarizes the size, value and momentum variables used in this thesis.

Table 3.1: Size, value and momentum and variables

The table lists the variables selected for inclusion in this thesis. Variables are listed per category
(column 1). The codes associated with each indicator, as used throughout the thesis, are provided in
column 2. Column 3 provides a description of the variable while the formula used for derived variables
and ratios are shown in the last column.

Category Code Description Formula

Size . MVLOG . Log of market value . In[market value]
. EPS . Earnings per share . earnings / # shares in issue

Value . BVTMLOG . Natural log of book value to market . In[book value to market]
. EY . Earnings yield . earnings / price

Momentum . MOM3 . Previous 3-month’s return . ([Total return, — Total return,.s])/[Total return.s]
. MOM12 . Previous 12-month’s return . ([Total return; — Total return;.;o])/[Total return;.o]

3.4 DATA COLLECTION AND ANALYSIS
3.4.1 Data collection

Daily as well as monthly data was obtained for securities listed on the Johannesburg Stock
Exchange ALSI over the period 1 January 2003 to 30 April 2011. Daily data, needed for the
measurement of liquidity proxies, was obtained from I-Net Bridge and Bloomberg. The
monthly data necessary for the size, value and momentum variables was obtained from I-
Net Bridge, Bloomberg and Datastream. In order to remove the effects of survivorship bias,
all companies that were listed on the ALSI during the period are included in the dataset,

irrespective of whether or not they were delisted before end of the period under
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consideration. For a list of shares that were delisted or that have incomplete data during the
period under review, refer to Appendix A.l. In total, 203 companies are included in the
analysis.

The period being used for this analysis covers an entire investment cycle (bull market, bear
market, as well as extreme market conditions). The sample starts in January 2003 and
covers the following five years of exceptionally strong bull-run market behaviour. The year
2008 was signified by the financial crisis which led to market crashes around the world. In
2009 the markets picked up again, indicating another bull run. However, this was short-lived,
with the market entering another downward spiral in 2010 due to the European debt crisis.
This allows us to properly investigate the performance of portfolios constructed according to
different risk factors in all types of market conditions. As a result, one is better able to draw
conclusions as to the effectiveness of investment strategies based on the risk factors, as

well as the effect of liquidity on the outcomes.
3.4.2 Data analysis

The data was analysed to test for any abnormalities or biases and hence corrections that
would need to be done on it. The data was first analysed for any potential biases, after which

descriptive statistics were performed on the treated data.
3.4.2.1 Data-snooping

According to White (2000: 1097), data-snooping occurs when previously used data is reused
for model selection or inference. As a result, data-snooping “may yield misleading inferences
when properties of the data are used to construct the test statistics” (Lo & MacKinlay, 1990:
431). The danger inherent in ignoring its effect has been well documented. This thesis
therefore takes data-snooping into account, thereby eliminating any potential misleading

results.

In effect, data-snooping results from the misuse of statistics, in particular statistical
inference. Misleading results are obtained, be it due to deliberate data-snooping or due to
ignorance of the researcher in terms of statistical knowledge. It most commonly occurs as a
result of two ‘errors’. Firstly, when no hypothesis is specified before the analysis, then it is
possible for the researcher to specify an inappropriate hypothesis based on the results
obtained (which he will have examined prior to specifying the hypothesis). In other words,
the results obtained influence the hypothesis, which can lead to data-snooping bias.
Secondly, narrowing the data used for the analysis to a specific period over which a
particular result is expected to occur can also lead to data-snooping bias. In other words, if a

researcher wants to obtain a specific outcome and he is aware that the use of a longer
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period may not result in the desired outcome, then he may be tempted to use a subsample

of the period which he believes would provide it.

Therefore, in order to avoid data-snooping bias, the data was examined to determine
whether or not it would result in biased outcomes. First, the ‘hypotheses’ used in this
analysis are based on the findings of previous studies, both internationally and locally. In
addition, the majority of previous analyses are based on US data, with little South African
evidence. As a result, the expected outcomes are not affected by this data but rather by
previous findings. Secondly, the data period used is unique to this study in terms of length
and recentness. As mentioned above, the period used covers an entire market cycle,
thereby eliminating any potentially misleading results due to the period only covering a
particular part of the cycle. Lastly, in terms of the liquidity effects, no research of this
magnitude has been performed on South African data. Therefore, the points just mentioned

are also applicable to the data obtained for analysing liquidity.
3.4.2.2 Infrequent trading

Infrequent trading (also called thin trading) occurs when there are very few buy or sell orders
in the market, resulting in low volume days. Therefore, if thin trading exists for a particular
stock, then there may be zero-volume days, resulting in inconsistency of trade for
consecutive trading periods. One possible way to avoid the effects of infrequent trading
would be to introduce liquidity filters into the construction of portfolios. This would omit many
small capitalisation stocks, which tend to exhibit the highest proportion of thin trading.
Additionally, setting up value-weighted, as opposed to equally-weighted, portfolios can also
potentially eliminate the effects of thin trading. In this thesis six liquidity filters were used on
value-weighted portfolios.

3.4.2.3 Survivorship bias

Ignoring companies in your data set that were delisted over the period under consideration
can lead to survivorship bias in results. This is because the data consists only of the
survivors, not the entire set of companies that were actually listed at some point in time
during the period. Since the characteristics of the survivor-companies tend to be
systematically different from the delisted companies, the results obtained from such an

analysis would be biased.

Gilbert and Strugnell (2010: 31) examined the effects of survivorship bias on the mean
reversion of stock returns on the JSE. They found that it did not affect their results.

However, they did point out even though survivorship bias did not affect the mean-reversion
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of returns, it remained a relevant effect that cannot simply be ignored, especially for different

types of tests.

Failure to take account of survivorship bias can lead to overly optimistic conclusions since
those companies that were delisted over the period being analysed will not be included in
the sample. Therefore, in order to avoid this from occurring, those companies that were
delisted over the sample period have been included in the analysis for the period of time for
which data is available.

3.4.2.4 Look-ahead bias

Look-ahead bias occurs when the data being used for an analysis is reported for a particular
point in time, even though it may not have been available to the public at that point. It is
therefore important to be aware of what data would have been publicly available at particular
points in the past and only base the analysis on that specific data. If this type of bias is
ignored, the results tend to be significantly different from the results obtained from bias-free

data. This, in turn, could lead to incorrect conclusions.

The data employed in this analysis was obtained from databases that are only updated once

data becomes publicly available. This should eliminate any potential look-ahead bias.
3.4.2.5 Outliers

In order to normalise the distribution of the variables used in this analysis, the effect of
outliers needs to be removed. This is because the Normal distribution does not produce
outliers. A procedure known as Winsorisation is used to remove outliers. In the first step, any
variables that exhibited significant positive skewness were transformed using the natural
logarithm. These variables are listed in Appendix A.2. Next, any values further than five
standard deviations from the median are removed. Note the use of the median instead of the
mean, since the mean is much closer to the outliers than the median in an asymmetrical
distribution. The mean and standard deviation are subsequently recalculated for the updated
data set. These are used, in turn, to winsorise any remaining outliers, defined as
observations that are further than three standard deviations from the mean. In effect, what
winsorisation does is replace extreme values by certain outer boundary values (in this case

the mean plus/minus three standard deviations).

Note, however, that transformation and winsorisation are only employed on the size, value
and momentum variables, and not on the liquidity proxies. This is due to the fact that this
research aims to determine the effect of the original liquidity proxies on excess returns and
therefore aims to take account of extreme values. Future research which takes account of

outliers may indeed be necessary (see Section 3.4.2.6).
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3.4.2.6 Descriptive Statistics

Several measures of central location, variation and linear relationship were obtained for the
data. These included the mean, standard deviation, skewness, kurtosis and coefficient of
correlation. Graphical techniques were employed to provide an indication of the distribution
of the data. These methods were employed separately on the two types of data (first on the
monthly liquidity proxy data and secondly on the monthly size, value and momentum
variable data). Please refer to Appendices A.3 and A.4 for details.

The statistics and histograms of the monthly liquidity proxy data indicate mostly low
correlations and skewed distributions. The exceptions are the bid—ask spread, which
displays the most normalised distribution, although some outliers do seem to possibly be
present, and the two zeros measures, which are highly correlated (which is not a surprising
result since these measures are directly linked by definition). This would indicate that,
although the different proxies do not capture similar effects, a transformation may indeed be
required to normalise the distributions. However, as mentioned earlier, this research aims to
determine the effects of the original variables (without transformations) on excess share
returns in order to enable direct comparison with the majority of previous literature.
Nonetheless, as will be illustrated in Section 3.6, the regression model will take account of
non-normality of variables through the use of Newey-West estimators. Even so, future
research is advised in this area, in particular in determining the effects of these liquidity
proxies on excess returns if transformations are performed on the skewed measures
(turnover, price impact and both zeros measures) and outliers are taken into account. Refer
to papers by Hasbrouk (2009: 1445) and Cooper, Groth and Avera (1985: 203), who applied

transformation to numerous liquidity proxies.

The statistics and histograms of the size, value and momentum variables indicate low
correlations and mostly normalised distributions. Hence different variables do not capture
similar effects, which could lead to incorrect conclusions. In addition, the transformations

applied (where applicable) were successful in eliminating skewness.

3.5 CLASSIFICATION OF PORTFOLIOS

To investigate the effect of liquidity on the returns obtained from shares listed on the South
African stock market, the shares are first sorted into portfolios according to size, value and
momentum trading strategies, after which the effect of liquidity is analysed. Four factors are
included in the model. The SMB (Small-Minus-Big) size factor and the HML (High-Minus-
Low) value factor, both originally introduced by Fama and French (1993: 3), as well as a

momentum factor GMP (Good-Minus-Poor) are constructed. In addition, in order to take
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account of the effect of liquidity, a liquidity factor is also included in the model in the form of
IMV (Illiquid-Minus-Very liquid).

For each indicator of size, value and momentum outlined in Section 3.3, two size portfolios,
three value portfolios and two momentum portfolios are created. The decision to construct
only two size portfolios but three value portfolios is similar to the method used by Fama and
French (1992: 427), who found that the value factor played a bigger role in average stock
returns. This is supported by the findings of Strugnell et al. (2011: 1), who found the same to
be true on the JSE. Due to the limited amount of shares available for investing on the JSE,
only two momentum portfolios were constructed. This reduces the number of portfolios that
need to be constructed, thereby enabling a larger number of shares to be included in each
portfolio. It should be noted that many studies split each effect into at least five portfolios,
often even more, and then analysed only the most extreme of them (i.e. the upper and lower
quintile/decile portfolios). However, the majority of those studies focused on the US market,
which consists of around 14 000 listed stocks in any given year. The South African market is
comparatively very small, with the ALSI consisting of only approximately 160 listed stocks,
which represent around 99% of the entire JSE market capitalisation in any given year.
Therefore, splitting each effect into more than three portfolios would result in very few stocks

being included in each portfolio which, in turn, might lead to incorrect conclusions.

At the end of June of each year stocks are sorted independently according to size, value and
momentum®. The size effect is measured by two variables: market capitalisation and
earnings per share (EPS). The value effect is measured by B/M and earnings yield, while the

momentum effect is measured by the previous 3-month’s and 12-month’s returns.

The size portfolios are split into two sizes: big (B) and small (S) according to the median
value of the size variable. Three value portfolios are set up according to the 3™ and 6"
deciles of the variables’ ranked values: low (L), medium (M) and high (H). Similar to the size
portfolios, the two momentum portfolios are also split according to the variables’ median
values: poor (P) and good (G). Therefore 12 portfolios are constructed according to the
intersection of the size, value and momentum deciles: L/B/P, L/B/G, L/S/P, L/S/G, M/B/P,
M/B/G, M/IS/P, M/SIG, H/B/P, H/B/G, H/S/P and H/S/G. Value-weighted monthly returns are
calculated for the 12 portfolios for the following year from June of the current year through

May of the following year. Each year the portfolios are reformed based on the new values of

®> The decision to rebalance the portfolios annually is based on an attempt to imitate the assumed
actual experience of an average investor. More frequent rebalancing will incur high trading costs,
which most average investors are unwilling to accept. Refer to Basiewicz and Auret (2009: 26) for
further details about this assumption.
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each of the variables used to measure the three effects. Returns are then calculated again
for the following year. Since numerous variables are being used to take account of each of
the size, value and momentum effects, different combinations of these variables for each of
the portfolios listed above will be tested to see the significance of each variable in predicting
stock returns. The monthly returns for the 12 portfolios, less the risk-free rate, are the
dependent variables used in the regressions.

The SMB risk factor, which proxies for the size effect, is calculated by subtracting the
averages of the monthly returns of the six small (L/S/P, L/S/G, M/S/P, M/SIG, H/S/P, HISIG)
and the six big (L/B/P, L/B/G, M/B/P, M/B/G, H/B/P, H/BI/G) size portfolios. The returns for
the HML value risk factor are obtained from the differences between the average monthly
returns on the four high (H/B/P, H/B/G, H/S/P, H/S/G) and four low (L/B/P, L/B/G, L/S/P,
L/S/G) value portfolios. Similarly, the returns for the GMP momentum risk factor are obtained
from the differences between the average monthly returns on the six good (L/B/G, L/S/G,
M/B/G, MISIG, H/B/G, H/S/G) and poor (L/B/P, L/S/P, M/B/P, MIS/P, HI/BIP, HISIP)

momentum portfolios.

The portfolios set up so far have ignored liquidity. In order to take account of the effect of
liquidity, two portfolios are set up according to the median value of the liquidity variable:
illiquid (1) and very liquid (V). Low values of the respective illiquidity measure indicate highly
liquid stocks, while high values indicate illiquid stocks. In June of each year the liquidity
groups are formed based on the previous year’s liquidity. An annual average for liquidity is
then obtained from monthly measures. The corresponding IMV risk factor is obtained from
the difference between the average monthly returns on the 12 illiquid (I/L/B/P, I/L/BI/G,
I/L/SIP, IILISIG, IIMIB/P, I/IM/BIG, I/IM/SIP, IIMISIG, IIH/BIP, I/H/B/G, I/H/S/P, I/H/SIG) and 12
very liquid (V/L/B/P, VIL/B/G, VILISIP, VILISIG, VIM/BIP, VIM/IBIG, VIMISIP, VIMISIG,
V/H/B/P, VIHIBIG, VIHISIP, VIHIS/G) portfolios.

Lastly, the proxy for the market factor needed in the regression analysis is obtained as the
excess market return r = Ry - Ry where Ry is the return on the market portfolio and Ry, is
the risk-free rate of return. The FTSE/JSE All Share Index serves as a proxy for the market
portfolio and the rate on the three-month treasury bill is used to proxy as the risk-free rate of

return. Data on these were obtained from I-Net Bridge.

3.6 METHODOLOGY

The methodology used in this thesis is divided into two sections. First, the size, value and
momentum effects are examined on the returns of stocks listed on the JSE over the entire

sample period. Different variables will be employed to take account of the various effects in
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the hope of determining the three most appropriate variables. Next, the effects of liquidity will
be added to the analysis, using, in turn, each of the five liquidity proxies. This will assist in
analysing the effect of liquidity on stock returns, and will enable one to determine whether
liquidity is in fact a priced factor.

A stepwise approach is used to perform these analyses. The analysis starts with an APT-
type approach. The two Fama-French factors SMB and HML, along with the momentum
factor GMP are analysed to observe their effect on asset pricing. This is done by first sorting
the data according to size, value and momentum values according to each of the variables
discussed in Section 3.3, resulting in twelve portfolios that will be analysed at a time. The
standard CAPM is then estimated for each portfolio:

Tjt = & + BimTme + &t ... (3.5)

where Tit = Rjt — Rpy is the excess portfolio return, where R, is the return on
portfolio j in month t and Ry is the risk-free rate of

return in month ¢;

a; is the regression intercept;

Bim is the beta coefficient of portfolio j relative to the
market;

Tme = Rme — Ryt is the excess market return, where R,,; is the market

return in month t and Ry, is the risk-free rate of return in

month ¢; and

&jt is the residual (random error) term of the regression for

portfolio j in month ¢.

Next, the model is extended by the SMB, HML and GMP factors:

T:]'t = Olj + ﬁjmrmt + SjSMBSMBt + thMLHMLt + ngMPGMPt + njt (36)
where Tit, Qj, Bjm and 1, are as above
SismB is the sensitivity of portfolio j’s return to movements in

the size risk premium SMB;
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hjumi is the sensitivity of portfolio j’'s return to movements in

the value risk premium HML;

Jdjcmp is the sensitivity of portfolio j’'s return to movements in

the momentum risk premium GMP;

¢ is the residual (random error) term of the regression for

portfolio j in month ¢; and

SMBy,HML;, GMP, are the size, value and momentum factors,

respectively, in month t.

Running and comparing both of these regressions will provide evidence on whether size,
value and momentum are priced factors on the South African stock market, in addition to the

market factor beta (j3).

To analyse the effects of liquidity on asset pricing, the stocks are sorted into two liquidity-
portfolios in addition to the portfolios for the earlier regressions. Equations (3.5) and (3.6) are
then re-estimated for each of the 24 portfolio combinations. Following, both models are

extended by the IMV liquidity factor:
Tjt = 0(] + ﬁjmrmt + ijIMVIMVt + ujt (37)

where the variables are as defined above, with the additional sensitivity factor ij;, of
portfolio j’'s return to movements in the illiquidity risk premium IMV and the error terms w;;

and v;, for regressions (3.7) and (3.8) respectively.

Time-series cross-section (TSCS) returns data often exhibits both autocorrelation and
heteroskedasticity. However, the Ordinary Least Squares (OLS) methodology relies upon
the assumption that the regressors are exogenous, with homoskedastic and serially
uncorrelated errors. If not taken into account, autocorrelation and heteroskedasticity can
lead to OLS estimates that are statistically inefficient and possibly even produce misleading
inferences. Therefore, in order to take account of this possible inefficiency in results, the
Newey-West (1987: 703) method is applied to the OLS estimation in this research to adjust
the standard errors of the estimated coefficients for serial correlation. Hence, the models are
estimated using a pooled cross-section time series OLS estimator with Newey-West

standard errors with six lags. Refer to Appendix B for further details.

The regression results will consist of a number of regression diagnostics (i.e. statistical

measures) such as the coefficients of the independent variables with their respective t-
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statistics, as well as the R?, adjusted R? and Durbin-Watson statistic of the particular model.
The excess portfolio return r; is the dependent variable in the regressions, while SMB;,
HML;, GMP; and IMV, are the independent variables. The t-statistics of the independent
variables will give an indication as to whether the respective factors are indeed significant in
explaining excess returns. First, the standard CAPM (equation 3.5) and momentum-
augmented Fama-French model (equation 3.6) will be analysed to determine which of the
size, value and momentum measures best capture excess returns on the JSE. This is done
by comparing the R?> measures for the different portfolio combinations in order to gauge
which portfolios indicated the best fit. The coefficients (and their significance levels) of the
various dependent variables will also be compared to see which best capture the variation in
excess returns. The higher the coefficients and their respective t-statistics, the more effective

the model is in explaining excess stock returns on the JSE.

Next, the effect of liquidity in explaining excess stock returns is analysed. The portfolios that
are set up according to the intersection of size, value and momentum are analysed. This
means that first the size, value and momentum factors SMB;, HML; and GMP; will be
analysed to see their effectiveness in achieving excess returns by comparing the results of
equations (3.5) and (3.6). If they are indeed effective, then the alpha coefficients (i.e. the
intercepts o) should change significantly when comparing model (3.6) to (3.5). Only if this is
the case can it be concluded that the size, value and momentum factors are influencing

factors of stock returns on the JSE.

However, these results give no indication of whether liquidity is also an influencing factor.
Therefore the next step is to sort portfolios according to four factors: liquidity, size, value and
momentum. Equations (3.5) and (3.6) are re-analysed on these newly formed portfolios and
the results are compared to those obtained in the previous step. If the addition of liquidity as
a sorting factor is an influencing factor, then the R?> measures for the portfolios are expected
to increase, indicating a better fit. The proportion of significant alphas is also compared to
the previous results. If the proportion decreases when liquidity is taken into account, then

liquidity is an influencing factor and vice versa.

The analysis is then extended by one further step, namely the inclusion of liquidity as a
dependent variable. Equations (3.5) and (3.6) are extended by the addition of the liquidity
factor IMV, to form the new models (3.7) and (3.8) respectively. The R? measure, as well as
the factor coefficients and their significance levels for the new regressions (3.7) and (3.8) are
compared with those obtained in the previous step (i.e. those without the IMV, factor). If a
noticeable change is observed, then it can be concluded that liquidity is indeed an

influencing factor on excess stock returns on the JSE.
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CHAPTER 4
EMPIRICAL FINDINGS

4.1 INTRODUCTION

In this section the regression analyses as specified in Section 3.6 are estimated and tested.
This is done in four steps:

o A measure of size, value, momentum and liquidity are estimated in each month t of
the sample for each individual stock.

e Portfolios are set up according to the intersection of size, value, momentum and
liquidity, the inclusion of the factors being dependent on the type of regression
analysis to be performed. This is performed on a yearly basis due to annual
rebalancing.

e For each portfolio the monthly excess portfolio return is calculated, in addition to the
size, value, momentum and liquidity factors SMB, HML, GMP and IMV respectively.

e Using the excess returns and factors, the portfolio alphas and betas are estimated
and analyzed.

The analysis was performed in two stages. The first stage was in effect a preliminary test to
determine which measures best captured the size, value and momentum effects for the
sample under consideration. The second stage then made use of the preliminary findings to
test the effect of liquidity in generating excess portfolio returns.

In the first stage, the portfolios were sorted according to size, value and momentum
variables only. In other words, in the first stage, liquidity was omitted. The results of the
regressions were then analysed to determine which measure best captured the respective
effect. These three measures were then used in the second stage to form new portfolios
according to liquidity, size, value and momentum effects. Therefore, the five liquidity proxies,
together with one measure for each of the size, value and momentum effects, were used, in
turn, to set up the portfolios. This approach serves to best determine the effect of liquidity on
excess portfolio returns, since each measure of liquidity is separately combined with the
size, value and momentum measures known to be most effective for this particular data set.

This enables more focus to be placed on the effect of liquidity.

The results of the analyses are presented below and in Appendix 3. The coefficients and t-
statistics of the intercepts, as well as all explanatory variables are presented, along with
each portfolio's R? adjusted R? and Durbin-Watson statistic. R? the coefficient of

determination, measures the goodness of fit of a model. It gives an indication of the
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proportion of variability in a data set that is taken into account by the model, and therefore
aids in determining how well the particular model can predict future outcomes. An R? of 1.0
indicates that the regression line perfectly fits the data, while measures less than 1.0 provide
decreasing approximations of how well the regression line fits the real data points.

The associated measure of R? the adjusted R?, adjusts the coefficient of determination for
the number of data observations and the number of explanatory variables included in the
model. Hence, unlike the earlier measure, the adjusted R? increases only if the new term
improves the model more than would be expected by chance.

Lastly, the Durbin-Watson statistic tests for autocorrelation in the residuals of a statistical
regression analysis. This statistic always lies between 0 and 4, with a value of 2 indicating
that there is no autocorrelation in the sample. Values less than 2 indicate positive
autocorrelation, while those closer to 4 indicate negative autocorrelation. Regressions with
Durbin-Watson measures far removed from 2 (i.e. less than 1 or greater than 3) can lead to
incorrect forecasts since the level of statistical significance can be over- or underestimated.
Since the regression models used in this research are based on Newey-West standard
errors (which should take autocorrelation into account), Durbin-Watson measures around 2

are to be expected.

4.2 DETERMINATION OF IDEAL MEASURES FOR SIZE, VALUE AND MOMENTUM

The impact of the various size, value and momentum factors is determined in two steps.
First, regressions that analyse only the excess market return r,; = Ry - Ry to explain excess
stock returns are examined according to equation 3.5. Second, regressions that use the
excess market return r,, = Ry - Ri, as well as the mimicking returns for size, value and
momentum, SMB,;, HML; and GMP; respectively, as explanatory variables are examined
according to equation 3.6. Both of these regression analyses are performed on portfolios set
up according to the intersection of the various measures for size, value and momentum. The
results are subsequently compared in order to determine the optimal combination of these

measures in capturing excess portfolio returns.

The results of the standard CAPM regression analyses are presented in Appendix C.2. The
results indicate that the market only captures part of the variation in stock returns, with
values of R? generally lying between 0.1 and 0.4, and some portfolios even exhibiting R?
values as low as 0.02. The higher values of R? are found in the big-stock, good-momentum
and low- and medium-valued portfolios. For the small-stock, poor-momentum portfolios R?
values of less than 0.2 are the norm. These portfolios are where the inclusion of the size,

value and momentum factors will have their best attempt at exhibiting marginal explanatory
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power. In addition, as expected, the Durbin-Watson measures of all regressions lie close to

2, indicating that there is no autocorrelation in the sample.

Overall, the portfolio set up using the earnings yield (EY) as a measure of value, the log of
the firms’ market value (MVLOG) as a measure of size and the previous 3-month’s returns
(MOMB3) as a measure of momentum exhibited the best explanatory power in terms of R?. In
addition, ten of the twelve portfolios showed market betas (B;n) with statistical significance at
the 1% level, which is more and higher than most other combinations of measures did.

These results are presented in Table 4.1.

Table 4.1 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the
earnings yield (EY) as a proxy for the value effect, the log of the market value (MVLOG) as a proxy for
the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect.
Regressions are run on portfolios set up according to the intersection of three value groups, two size
groups and two momentum groups. The intercept (o) represents the average risk-adjusted return,
while the t-statistics are reported in parentheses below the coefficient estimates. The models are
estimated using Newey-West standard errors with six lags. In addition, the table also reports the R?,
the adjusted R? (R2) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. 2 = Durbin- 2 = Durbin-
Value Size o Bim R R? Watson Q Bim R R? Watson
. -1.249 0.869 -0.629 0.872
Big (B) (-1.651) (6.487)* 0.3068 0.2993 2.6838 (-0.676) (6.918)* 0.3692 0.3624 2.4514
Low (L)
Small -4.788 0.564 0.278 1.019
©) (-3.640)* (4.053)* 0.1398 0.1305 1.9599 (0.319) 0.737)* 0.3564 0.3494 2.3355
. -2.585 0.679 -0.262 0.999
4 Big (B) (-3.015)* (5.188)* 0.2723 0.2644 2.4516 (-0.218) (4.558)* 0.4274 0.4212 2.6033
Medium
(M) Small | 11.417 2.010 -1.339 0.815
©) (0.825) 1.477) 0.0252 0.0146 2.3212 1.772) (5.115)* 0.3685 0.3616 2.0135
. -2.536 0.705 -2.047 0.786
BO(B) | 3essr | @ssoy | 02724 0.2645 2.1335 (2uoiyw | (rogoy | 03855 0.3788 21112
High (H)
Small -3.977 0.617 12.577 2.088
©) (-3.849)* (3.661)* 0.2120 0.2034 1.8602 (1.043) (1.768) 0.0340 0.0235 2.3581

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

The results of the standard CAPM indicated that, in the absence of any other explanatory
variables, excess market returns fail to capture over 50% of stock portfolio returns. Adding
mimicking returns for size, value and momentum should hopefully increase the explanatory
power. This is investigated through the use of a momentum-augmented Fama-French model
(see equation 3.6). The regression results for all possible combinations of measures are
presented in Appendix C.3. The addition of the three factors increased the amount of
variation captured by the model (as measured by the R?) to between 0.4 and 0.6. Hence the
explanatory power of the excess returns has doubled. It should also be noted that the

Durbin-Watson measures of all regressions tend to lie between 1.7 and 2.5, indicating that,
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as before, there is no autocorrelation in the sample. The market betas are nearly all more
than five standard errors from zero, with a definite improvement from the results of the
standard CAPM. The t-statistics on the SMB slopes tend to range between 1 and 10. Hence
SMB, the mimicking return for the size factor, seems to capture shared variation in stock
returns that is missed by the other factors. In addition, this factor appears to be related to
size. With the exception of high value, good momentum stocks, the slopes on SMB decrease
from lower to higher value stocks.

Similarly, the t-statistics on the slopes on the HML factor, the mimicking return for the value
factor, tend to lie between 1 and 3. For each size category, the HML slopes increase for an
increase from low to high value stocks. Therefore, HML clearly captures some of the shared

variation that is missed by the market return, as well as the SMB and GMP factors.

Lastly, the t-statistics on the slopes on the GMP factor, the mimicking return for the
momentum factor, tend to lie between 1 and 5. For each size as well as each value category
the GMP slopes increase from poor momentum to good momentum stocks. This is probably
the clearest pattern that can be observed for all portfolio measure combinations. Hence, it
can be stated with strong certainty, that GMP captures shared variation that is missed by the

other factors.

Given the strength of the slopes, it comes as no surprise that the addition of these three
factors into the regressions results in noticeable increases in R?. As mentioned earlier, R?
lies between 0.4 and 0.6, therefore having doubled the explanatory power of the excess
returns. For example, for the standard CAPM portfolio, which states that the market alone
can explain the excess returns, only one (out of twelve) of the portfolios set up according to
the EY, MVLOG and MOM3 measures (which produced the most impressive results)
demonstrated R? values greater than 0.4 (see Table 4.1). In the four-factor regressions,
eight of the twelve equivalent portfolios demonstrate R? values greater than 0.4, with all R?
values being greater than 0.35 (see Table 4.2).

Considering the beta coefficients (B;n) of the four-factor regressions, an interesting effect can
be noticed. In the standard CAPM regression results presented in Table 4.1, the univariate
beta coefficient for the portfolio with the smallest size, value and momentum stocks is 0.869.
At the other extreme, the beta for the portfolio with the biggest size, value and momentum
stocks is 2.088. The corresponding values of the four-factor regression results for the
equivalent portfolios (which are presented in Table 4.2) are 1.014 and 1.032 respectively.
Therefore, adding the SMB,, HML,; and GMP; factors to the regressions collapses the betas
towards 1.0. This behaviour can be attributed to the correlation between the market and
SMB;, HML, or GMP,.
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As with the standard CAPM, the portfolios set up according to the intersection of the
earnings yield (EY) as a measure of value, the log of the firms’ market value (MVLOG) as a
measure of size and the previous 3-month’s returns (MOM3) as a measure of momentum
exhibited the best predictive powers. The SMB;, HML, and GMP; factors all illustrate
relatively high t-statistics, indicating that these factors capture a considerable amount of the
variation in stock returns that is missed by the market return. In addition, the R* values are
all above 0.35 and are, overall, higher than on the similar portfolios set up using different
measures. In addition, all market betas (B;n) showed statistical significance at the 1% level.
And lastly, for each of the SMB,, HML; and GMP, factors, eight of the twelve respective
coefficients are statistically significant, which no other portfolio measure combination can

demonstrate. These results are presented in Table 4.2.

Hence, for all analyses going forward, the size, value and momentum measures used as
proxies for the respective factors will be held constant as MVLOG, EY and MOM3
respectively. The ideal measure for the value factor comes as a bit of a surprise. Most
previous studies (both nationally and internationally) have found the book value to market
measure to be the best measure of value stocks. However, although this measure did
provide similar results to those of the earnings yield, it was found that the intersection of the
above three measures provided the best results. Still, Fraser and Page (2000: 14) found
earnings yield and market capitalisation to be the most economical representation of style-
based risk on the JSE for value and size factors, respectively. This is in fact in line with the
findings in this research. The use of the previous three month’s returns as a measure for
momentum though, is in contrast to their findings. Since very little research has been
conducted as to the most appropriate measure for momentum, this is not a cause for

concern.

While the absolute values of the Fama and French (1993: 3) models tend to be higher and
therefore more significant, the results obtained here are similar. This is particularly true in
terms of the added explanatory power obtained by the inclusion of the SMB;, HML,; and GMP;

factors.

4.3 THE IMPACT OF LIQUIDITY ON STOCK PRICING

To determine the impact of liquidity on stock pricing, regression results are analysed
according to four different models. First, results from the standard CAPM and the
momentum-augmented Fama-French model are examined for portfolios sorted only
according to size, value and momentum variables. Next, liquidity is added to the sorting of

portfolios, and the previous two models are re-run and re-examined on these newly sorted



Table 4.2 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and
momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the earnings yield (EY) as a
proxy for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the
momentum effect. Regressions are run on portfolios set up according to the intersection of three value groups, two size groups and two momentum groups.
The intercept (o) represents the average risk-adjusted return, while Bjm, Sisws, hume @and gjeve represent the coefficients of the market return, size factor, value
factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using
Newey-West standard errors with six lags. In addition, the table also reports the R? the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value Size o Bim Sisme Njme Giemp R? R2 \I:I)Vlgggr; aj Bim Sisme i Oiemp R? RZ \E/)\/L;Pslg,;

o [ | |5 |5 |5y [ome [ove [eom | |08 | S | Gl |G |owr [omm |2
Low (L)
h Small (S) i-zs'.SolQOO)* ?6.72513)* ?é.ZSSS)** fzésoe?g)** i-lzi?93550)* 0.4430 0.4180 2.2129 i-li.zzs;le) ?5?75278)* ?4?26175)* fzi.725522)* ?z'észfs)** 0.5236 05022 2.0503
vegium | 22 ® i-li?ggm ?é?23329)* E?é.zgg)* ?5.217724)* i?fs&)* 03919 0.3646 25331 fd?gfg) ?4?83376)* E?i.lolslz) ?i.llsff;) ?2'.325798)** 0.4654 0.4414 26849
O e | 0 B | | By |8 |omn [oowe | zmm | | 6 6% | 02 | o |owe | 0w

Big (B) i-li.120729) ?6?5137)* fffszn* ?3".17350)* E?z'?gfa)* 04019 03750 21580 E-zz'.l§783)* ?7'.72922)* 2?5".12659)* ?é§25§0)* ?6.172938) 0.5825 0.5637 21786
High (H)
’ Small (S) i-22'133300)* ?5.727122)* i?é.sf52937)* ?2“.183772)* 22.?30)* 0.3834 03557 20523 ?62.359876) (13'?93824)* (1é.713§2)* (15".136121)* ?iitzfe) 0.9779 0.9769 25165

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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portfolios. This will provide an indication of whether the addition of liquidity to portfolio sorting
has a significant effect. Lastly, a liquidity factor is added to both models, the results of which
are then compared to the two previous regression results. This is done in order to determine
whether the addition of liquidity as a factor within the model provides more explanatory
power and hence ascertain if liquidity is indeed a priced factor on the JSE.

43.1 Portfolios sorted according to size, value and momentum

In this section, the standard CAPM and momentum-augmented Fama-French model are
analysed for portfolios set up according to the intersection of size, value and momentum
factors. The measures used for each are the earnings yield (EY) as a proxy for the value
effect, the log of the firms’ market value (MVLOG) as a proxy for the size effect and the
previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Table 4.3 reports
the estimation results across the twelve portfolios and the two alternative risk specifications

represented by the standard CAPM and the momentum-augmented Fama-French models.

The results for the standard CAPM indicate that the risk-adjusted average returns, which are
represented by the oy's of the regressions, are not significantly different from zero for the
majority of portfolios. In fact, only five out of twelve portfolios showed significant alphas. The
majority of intercepts are negative, suggesting a negative risk-premium for the respective
portfolios. However, for two of the three portfolios that show positive alphas, the intercept is
very large, suggesting large positive risk-premiums. This is the case for portfolios that
contain small sized firms. A comparison of the estimated alphas suggests that momentum
factors influence the risk-adjusted returns. The coefficients’ magnitudes generally increase
as momentum increases. Thus, stocks featuring higher momentum are characterised by
higher risk-premia. This could be due to either the market regarding these stocks are riskier,
or, and this is the more likely option, as a better investment and hence more popular. Since
momentum strategies are based on investments in those stocks that performed well over the
past period, the results would suggest that these types of approaches do in fact generate
excess stock returns. Neither size nor value factors show any definite influences. The
estimated market betas (Bjn) of the standard CAPM are all positive and predominantly
significantly different from zero (except those of the two portfolios that also showed very

large, positive alphas).

In order to determine whether size, value and momentum are influencing the risk-premia on
the South African stock market, the momentum-augmented Fama-French model is
estimated for the same portfolios as above. An increase or a decrease in magnitude across
all alphas in comparison to those of the standard CAPM indicates that size, value or

momentum are influencing factors. Panel B of Table 4.3 presents the estimation results for



Stellenbosch University http://scholar.sun.ac.za

62

Table 4.3 Comparison of estimation results across size, value and momentum
portfolios and different risk specifications

The table reports the regression results for the standard CAPM and the momentum-augmented
Fama-French model for portfolios set up according to the earnings yield (EY) as a proxy for the value
effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s
returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up
according to the intersection of three value groups, two size groups and two momentum groups. The
intercept (o) represents the average risk-adjusted return, with the corresponding levels of significance
being reported where applicable. The models are estimated using Newey-West standard errors with
six lags.

Momentum
Poor (P) Good (G)

Value Size 0 ‘ Bim ‘ Sjsme ‘ ik ‘ Gicmp 0 ‘ Bim ‘ Sisme ‘ P ‘ Jicmp
Panel A:Standard CAPM

Big (B) 1249 | 0.869* 0629 | 0.872¢
Low (L)

Small (S) -4.788* 0.564* 0.278 1.019*
Mediu | Big ® 2.585¢ | 0.679* 0262 | 0.999%
mM | smai(s) | 11.417 | 2.010 -1.339 0.815*
High Big (B) 2.536* | 0.705* 2,047 | 0.786*
H) small (S) | -3.977* | 0.617* 12577 | 2.088
Panel B:Momentum-augmented Fama-French model

Big (B) 0.313 1.014* -0.073 -0.002 -0.620* -1.342 0.813* -0.195 0.249 0.404**
tow ®) Small (S) -2.510* 0.761* 0.296** -0.506** -1.035* -1.264 0.857* 0.567* -0.752* 0.625**
Mediu Big (B) -1.007 0.832* -0.244* 0.272* -0.650* -0.978 0.937* -0.111 0.159 0.359**
MM | smai(s) | 0451 1000 | 2253+ | 1131+ | -0.386 | -1.429 | 0.806* | 0.026 0.006 | 0.002
High Big (B) -1.102 0.849* -0.352* 0.435* -0.580* -2.168* 0.792* -0.468* 0.654* 0.123
(H) Small (S) -2.430* 0.772* -0.323* 0.437* -0.693* 0.897 1.032* 1.738* 1.462* 0.524

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

the momentum-augmented Fama-French model with Newey-West standard errors. Those
portfolios with low momentum stocks increased their alpha coefficients from the standard

CAPM, while those portfolios with high momentum stocks decreased their alpha coefficients.

Hence, including size, value and momentum factors in the model increases the strength of
the relation between the intercepts of the low momentum portfolios, while it leads to a
reduction in the intercepts’ relation for high momentum portfolios. In addition, the number of
significant intercepts has decreased even further (in comparison to the standard CAPM),
signifying that this model explains even more of the excess returns. This indicates that size,
value and momentum factors do influence stock pricing on the South African market. The
betas of the momentum-augmented Fama-French model are all positive and significant at
the 1% level. Hence, overall, the three factors do seem to influence and explain excess
returns on the JSE and since the alphas are not particularly significant, it seems that these

factors capture most of the returns. However, since the alphas are still somewhat different
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form zero, this would suggest that there might be another factor influencing the excess

returns on the South African market.
4.3.2 Portfolios sorted according to liquidity, size, value and momentum

As previous literature has illustrated, liquidity has been shown to influence excess stock
returns (see Chapter 2). Therefore, in order to test whether liquidity might in fact be an
additional factor influencing excess stock returns on the JSE, the portfolios are reformed
taking account of liquidity, as well as size, value and momentum. The portfolios are formed
according to five different measures of liquidity, namely the bid-ask spread, turnover, the
price impact measure and two zeros measures. This enables one to identify distinctions in
the regression results according to the different liquidity measures. First, the standard CAPM
and the momentum-augmented Fama-French model are tested, the results of which are
compared to those obtained earlier (see Section 4.3.1). Next, a liquidity factor is added to
both models to determine if it improves the predictive power of the respective models.
Hence, it allows the added effect of liquidity to be determined, both with and without the
additional effects of size, value and momentum. Table 4.4 provides an overview of the

estimated alphas for the different risk specifications and across the five illiquidity measures.

Just over half of the estimated alphas of the standard CAPM are significantly different from
zero for the majority of portfolios, in comparison to just under half of the alphas being
significant for the case where liquidity is ignored. In the case of the momentum-augmented
Fama-French model, just over 40% of the portfolios show significant alphas, as opposed to
only 25% in the previous case that disregarded liquidity. Hence, in both cases, the proportion
of significant alphas increased, which could possibly indicate that the inclusion of liquidity in
portfolio formation may be unnecessary. However, in order to test this theory, further
analyses need to be performed. One such test would be to add a liquidity factor to both
models to determine its effect. This was done , the results of which are presented in Table
4.4, as well as in Appendix C.6 and Appendix C.7. The first model is a liquidity-augmented
CAPM and the second model is a liquidity-and-momentum-augmented Fama-French model.

A comparison of the estimation results in Panels A and B with those of the corresponding
liquidity-augmented models in Panels C and D reveals a similar pattern of results. Therefore,
the addition of the liquidity factor does not seem to have an influence on estimation results.
In fact, the number of significant intercepts increases marginally after adding the liquidity
factor. According to the standard CAPM and its liquidity-augmented counterpart, the zeros2
measure is the only of the five measures that showed a slight decrease in significance of
alphas, which would indicate that the addition of the particular factor actually improved the

models’ predictive power in explaining excess stock returns. However, the same cannot be
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said for the momentum-augmented Fama-French model and its liquidity-augmented
counterpart, which showed no improvement whatsoever after adding the liquidity factor. A
comparison with the estimation results in Table 4.3 shows that the factor according to which
portfolios are sorted significantly influences results. Sorting according to size, value and

Table 4.4 Comparison of alphas across alternative risk specifications and measures of
liquidity

The table reports the regression results for the intercepts, i.e. the excess returns, for four asset-
pricing models: the standard CAPM (Panel A), the momentum-augmented Fama-French model
(Panel B), the liquidity-augmented CAPM (Panel C) and the liquidity-and-momentum-augmented
Fama-French model (Panel D). The models are estimated for portfolios set up according to the
earnings yield (EY) as a proxy for the value effect, the log of the market value (MVLOG) as a proxy for
the size effect, the previous 3-month’s returns (MOM3) as a proxy for the momentum effect and lastly
five different liquidity measures as liquidity proxies. Regressions are run on portfolios set up according
to the intersection of two liquidity groups, three value groups, two size groups and two momentum
groups. The intercept (o) represents the average risk-adjusted return, with the corresponding levels of
significance being reported where applicable. The models are estimated using Newey-West standard
errors with six lags.

Liquidity measure
Liquidity Momentum Value Size Bid-ask Turnover Price impact Zerosl Zeros2
Panel A: Standard CAPM
lliquid Poor Low Big -1.311 -1.786** -1.310 -1.469 -1.435
Small -2.521** -4.012* -4.495%* -2.853 -3.116
Medium Big -2.522* -2.800* -2.469** -2.518** -2.508**
Small -2.043 -5.778* -4.812* -4.493* -4.342*
High Big -2.554* -2.444% -2.546* -2.497* -2.516**
Small -5.055* -4.497 -5.503* -3.071* -1.719
Good Low Big -0.534 -1.114 -0.532 -0.564 -0.571
Small -2.912* -3.446* -4.368* -1.548 -2.106
Medium Big -0.270 -0.239 -0.253 -0.294 -0.207
Small -2.402 -2.793* -3.499* -3.743** -2.510
High Big -2.219** -3.153* -2.265** -2.293** -3.107**
Small -2.427** -3.585* -0.724 -0.440 -1.257
Liquid Poor Low Big -3.760* -2.102* -1.025 -2.541* -2.188*
Small -4.356* -5.093* -4.386* -5.346* -5.069*
Medium Big -3.228* -2.830* -2.498* -2.834* -3.264*
Small -5.612** -4.485** -4.541** -4.529** -4.314
High Big -4.205* -3.780* 0.854 -2.741% -2.586**
Small -2.404* -2.886* -2.072* -4.270* -4.087*
Good Low Big -1.682 -0.024 -1.382 -0.248 1.796
Small 0.515 0.148 -0.783 -0.423 -0.674
Medium Big -3.084* -1.597 -2.625* -1.128 -0.714
Small -1.241 -1.316 -1.243 -2.746* -1.268
High Big -0.837 1.588 0.211 -3.126 -3.226**
Small -2.896 -2.348 -2.555 -2.624 -2.441
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Table 4.4 Continued
Panel B: Momentum-augmented Fama-French model
lliquid Poor Low Big -0.334 -1.602 -1.642 -1.288 -1.373
Small -1.634 -2.035* -2.503 -0.303 -0.408
Medium Big -1.288 -1.522* -1.952** -1.577* -2.062**
Small -0.185 -2.176%* -2.859* -1.767 -1.938
High Big -1.454 -1.767 -2.297* -1.524 -1.869**
Small -2.787* -1.173 -2.591* -2.330* -0.724
Good Low Big -0.774 -2.297* -1.802** -1.485 -1.755*
Small -3.130* -4.214* -4.589* -2.048 -3.625
Medium Big -0.452 -1.399 -1.337 -0.902 -0.937
Small -1.880 -2.040%* -2.650* -2.995 -2.022
High Big -1.896** -3.605* -2.752* -2.097** -3.081*
Small -2.441%* -2.850* -2.023 0.321 -0.508
Liquid Poor Low Big -3.037* -1.688 -0.621 -2.459* -2.165*
Small -2.939* -2.450* -2.736* -3.888* -4.246*
Medium Big -1.947* -1.653** -1.997* -1.147 -1.699**
Small -2.813* -1.707 -1.455 -2.037 -2.076
High Big -1.853 -2.933* -2.087 -1.157 -1.351
Small -1.575* -1.551 -1.418 -2.484* -2.344*
Good Low Big -2.944* -1.290 -2.027 -2.121 -0.356
Small -0.560 -0.019 -0.409 -0.977 -1.471
Medium Big -3.461* -2.271% -3.019* -2.649 -1.909
Small -0.960 -0.557 -0.390 -1.713 -1.073
High Big -2.406 -0.231 -2.626 -3.556* -3.699*
Small -0.941 -1.486 -0.535 -1.741 -1.822
Panel C:Liquidity-augmented CAPM
lliquid Poor Low Big -1.714** -1.480 -0.769 -1.892** -1.596
Small -2.927* -3.597* -4.483 -3.170 -3.304
Medium Big -2.769* -2.582* -2.293** -2.620* -2.533*
Small -2.630 -4.908* -4.127* -4.929* -4.638*
High Big -2.833* -2.233* -2.434* -2.592** -2.546**
Small -5.065* -3.552* -5.465* -3.287* -1.819
Good Low Big -0.913 -0.914 -0.214 -0.779 -0.633
Small -3.137* -2.989** -3.840* -1.833 -2.307
Medium Big -0.550 -0.203 -0.018 -0.423 -0.246
Small -2.781 -2.673* -3.363* -3.877* -2.577
High Big -2.477* -3.154* -2.140** -2.415%* -3.154**
Small -2.772* -3.542* 0.535 -1.745 -1.594
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Table 4.4 Continued
Liquid Poor Low Big -3.584* -1.995** -1.108 -2.470** -2.121*
Small -4.208* -5.720* -4.870* -5.215* -5.009*
Medium Big -3.127* -3.204* -2.715* -2.749* -3.307*
Small -4.976* -6.320** -5.400** -3.859* -4.071*
High Big -4.187* -3.892* -1.873 -2.666** -2.528*
Small -2.592* -3.278* -2.098* -4.126* -4.020*
Good Low Big -1.408 -0.241 -1.615 -0.041 1.835
Small 0.749 -0.302 -1.193 0.024 -0.586
Medium Big -2.950* -2.070** -2.749* -0.879 -0.590
Small -1.178 -1.797 -1.462 -2.667* -1.194
High Big -0.708 1.186 0.026 -2.956 -3.170
Small -2.401 -4.192 -3.552 -1.960 -2.187
Panel D: Liquidity-and-momentum-augmented Fama-French model
lliquid Poor Low Big -0.763 -1.617 -0.941 -1.799** -1.615**
Small -2.123 -1.885** -2.346 -0.672 -0.596
Medium Big -1.549%* -1.519** -1.621 -1.696* -2.109**
Small -0.879 -1.714 -2.047** -2.261* 2.344
High Big -1.772* -1.611 -2.006** -1.634** -1.926**
Small -2.827* -0.308 -2.325% -2.580* -0.894
Good Low Big -1.230 -2.183** -1.459 -1.751* -1.876**
Small -3.426* -3.807* -4.136* -2.390 -3.852
Medium Big -0.793 -1.411 -1.065 -1.067 -1.014
Small -2.351 -1.913 -2.530%* -3.138** -2.106
High Big -2.213* -3.516* -2.488* -2.230* -3.216**
Small -2.902* -2.638* -0.580 -1.114 -1.075
Liquid Poor Low Big -2.770* -1.837 -0.577 -2.395*% -2.079**
Small -2.705* -3.293* -3.061* -3.740* -4.122*
Medium Big -1.770* -2.230* -2.110* -1.043 -1.737*
Small -2.119* -3.000 -2.200 -1.178 -1.674
High Big -1.752 -3.264* -2.973* 1.056 -1.288
Small -1.800* -1.844* -1.338 -2.277* -2.241*
Good Low Big -2.631* -1.616 -2.408* -1.935 -0.311
Small -0.349 -0.211 -0.942 -0.467 -1.311
Medium Big -3.305* -2.696* -3.154* -2.375 -1.776
Small -0.900 -0.864 -0.621 -1.607* -0.963
High Big -2.282 -0.622 -2.742 -3.350* -3.677*
Small -0.448 -2.646 -1.418 -0.907 -1.444

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

momentum leads to only a quarter of the portfolios showing significant alphas for the
momentum-augmented Fama-French model, whereas sorting according to liquidity
increases the number of significant intercepts to just over 40%. This is the case for all but
two of the liquidity measures (namely zeros1 and zeros2), for which the number of significant

alphas either decreased or remained constant. This demonstrates that it is important not to




Stellenbosch University http://scholar.sun.ac.za

67

rely on just one single measure of liquidity, but rather to employ various measures in order to
avoid biased results that may not be supported by other measures. This is especially true for
an elusive concept such as liquidity, the measurement of which is a rather challenging and
daunting task.

It is also of interest to consider the coefficients of the market, size, value and momentum
factors and to compare them to earlier results. Refer to Appendix C for details. The
estimated market betas (Bjn) of the standard CAPM have not changed considerably,
especially when considering those portfolios that were set up using the bid-ask spread, as
well as both zeros measures. When a liquidity factor is added to the momentum-augmented
Fama-French model, the results are not as straightforward. The estimated market betas
remained relatively stable for the illiquid firms according to most liquidity measures. For
liquid firms, portfolios set up according to the bid-ask spread and price impact measures
showed an increase in market betas. Hence, depending on the type of measure used,
liquidity may strengthen the effect of the market factor for liquid firms. However, the inclusion
of liquidity in the model seems to have no effect on illiquid firms, irrespective of the type of

measure employed.

For liquid firms, inclusion of the liquidity factor marginally increases the coefficients of the
size factor, while for illiquid firms it decreases as well as increases the coefficients,
depending on the type of liquidity measure used. However, the changes that do occur are
minimal at best and therefore the inclusion of liquidity can be concluded not to be a

significant influencing factor on size.

Coefficients for the value factor exhibited the weakest effects after liquidity was added to the
model. For the bid-ask spread the coefficients did not change at all, while for both of the
zeros measures the coefficients remained relatively stable. The only effect was found for
illiquid firms, for which the coefficients increased (by very small amounts) for several
measures. Therefore, one could conclude that the inclusion of liquidity strengthens the effect
of the liquidity factor for illiquid firms, although this is minimal and highly dependent on the

type of measure used.

Lastly, the inclusion of liquidity into the model had no effect on the momentum factor
coefficients for the zeros measures. According to the turnover and price impact measures,

however, inclusion of liquidity weakens the effect of momentum for illiquid stocks.

The findings here, although not directly comparable to those of other studies, do seem
somewhat at odds to previous findings. In particular, the inclusion of liquidity appears to

have produced contradictory results. However, it is unlikely that this is due to the inclusion of
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liquidity in the model, but rather due to the use of an entirely different sample. The JSE,
being an emerging market, is expected to behave very differently to the developed US
market for example. In addition, the sample used in this research is a far more recent
sample that includes the financial crisis of 2008, whereas most previous studies have made
use of earlier periods. Lastly, the portfolio formation method employed here is different to

other studies, in particular with the inclusion of momentum as a base factor.

Before concluding that liquidity is indeed an insignificant factor, two additional statistics
should be analysed: the R? value (that gives an indication of the goodness of fit of a model)
and the Durbin-Watson statistic (that gives an indication as to the autocorrelation in the
residuals). Comparing the R? values of Fama and French (1993: 3) with those of this
research, a difference was found. Fama and French (1993: 3) found R? values of 0.95 and
upwards for their three-factor model, whereas this research found R? values of around 0.45
for its five-factor model. In fact, this was the highest average obtained, with all other models
showing R? values between 0.25 and 0.35. The worst coefficient of determination was
obtained by the standard CAPM (around 0.25) which improved marginally to around 0.3
when a liquidity factor was added to the model. The same was found for the momentum-
augmented Fama-French model, which showed an R? of around 0.35 but increased to an
average value of 0.45 when a liquidity factor was added. But, when comparing these values
to those of Lesmond (2005: 411), it was found that they were similar in magnitude. Lesmond
(2005: 411) found R? coefficients for the South African market to lie between 0.31 and 0.37.
This is directly comparable with the results of this research, with some models showing even
higher coefficients. In fact, according to Lesmond’s (2005: 411) results, most emerging
markets appear to demonstrate coefficients of determination of less than 0.5. The difference
between the Fama and French (1993: 3) results and those of this paper might be due to the
difference in the sorting of the portfolios. Fama and French sorted their portfolios according
to two variables only (size and value), whereas this research sorted the portfolios according
to four variables (liquidity, size, value and momentum). This higher level of sorting led to a
lower number of stocks in each portfolio, and, as a result, a higher level of noise in the
regression. This, in turn, can lead to a reduction in the R% This is also a possible explanation
for the lower value of R? in Lesmond’s (2005: 411) regressions, since emerging markets

tend to have fewer stocks listed on their exchanges.

However, as mentioned earlier, R? can be somewhat misleading since it can increase by
chance and not due to the new term actually improving the model. Therefore, it is important
to also determine the adjusted R?, and see if the same results are found there. When

considering the adjusted R? for the results of this research, it is found that it also increase
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from the models with no liquidity factor to those that include the factor. Hence, it can be
concluded that the addition of the liquidity factor improves the model fit. This result is
somewhat at odds with the results obtained earlier, that stated that liquidity is in fact not a
significant factor. However, the R? and adjusted R? values obtained are, on average, less
than 50%, so, although the inclusion of the liquidity factor improved the models’ fits, it is still
too small a value to be able to conclude that these models explain all the variation in excess
stock returns. If anything, the results show that there are other factors that have not been
taken into account as yet that would explain most of the excess returns.

Lastly, the Durbin-Watson statistics of all models lie between an acceptable band of 1.9 and
2.2. Hence, there does not appear to be any autocorrelation in the residuals. This is as

expected since the use of the Newey-West method should have eliminated any such effects.

Therefore, it seems that the inclusion of liquidity in the model affects, if anything, the strength
of the effect of the size, value and momentum factors on illiquid firms, while the only effect
that is felt by liquid firms is in respect of the size factor. This is in contrast to its effect on the
estimated market betas, where there is no impact on illiquid firms, but only on liquid firms.
However, these effects are felt mainly by the bid-ask spread, turnover and price impact
measures, with the zeros measures showing virtually no change in coefficients. It must be
pointed out though, that these effects are all fairly weak, so in general, it is concluded that

liquidity does not influence excess returns.

4.4 SUMMARY

The results demonstrate that liquidity does not influence excess stock returns on the JSE.
Therefore it can be concluded that liquidity is not a priced factor on the South African market.
This is a surprising result. Liquidity is expected to be particularly important on emerging
markets, although the opposite is found here. The South African stock market is by far the
largest and most developed stock market in Africa, and one of the largest amongst emerging
economies. It is easily accessible to foreign investors, with many South African based stocks
also having dual-listings on other well-developed markets (such as the NYSE and the LSE).
Therefore, amongst emerging economies at the very least, the JSE can be regarded as a
liquid stock market. It is surprising then, to find that liquidity is not only not a priced factor,
but that it has no effect on generating excess returns whatsoever. Several reasons that may

assist in explaining this finding are outlined below.

As outlined in Chapter 1, the South African stock market is defined by a high level of
concentration in terms of its constituents. As at the end of July 2011 (and hence the end of

the sample period used in this research), in excess of 20% of the FTSE JSE All Share Index
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was represented by only two mining companies. This was an especially high concentration if
one considers that the index consisted of around 165 shares in total. Additionally, the next
30% was represented by only another five companies, meaning that half of the index was
represented by only seven companies. This means that, despite the construction of value-
weighted portfolios that should, in theory, take account of the market capitalisation of the
firms, any excess return generation could only be considered asymmetrically. Due to the
small weighting of the other 158 shares, their excess return generation is impeded. Hence,
although the portfolios may include a large number of shares, it may in fact be only a very
small subsample that is actually generating the alpha returns. And since the stocks in this
research are sorted into a considerable number of portfolios according to the intersection of
four factors, several of these portfolios did not include one of the larger shares and therefore
had diminished alpha generation powers. Therefore the effect of liquidity could not be

gauged properly.

The period used for this research (2003 to 2011) included a highly volatile time in financial
markets — namely the financial crisis of 2008. Liquidity of stock markets dropped as investors
came under pressure. Government attempted to restore investor confidence through their
introduction of the 2009 Framework for South Africa's response to the international
economic crisis. In it, they set out their response to the issues at hand in an effort to
strengthen the capacity of the economy to grow, which would stimulate investment and
hence restore liquidity. However, the initial crisis was followed by the European debt crisis,
which put further strain on the stock market and the liquidity issue that was still not resolved.
Therefore, a big portion of the period used for the analysis showed uncharacteristically low
levels of liquidity, which, when analysed in conjunction with the earlier bull market, may have
distorted the results somewhat. However, as mentioned in Chapter 3, the period chosen was
deliberate since it covers all possible cycles of the market and therefore should be
representative of long term market behaviour. Hence, the regression analyses should

correspond to the average stock performance.

Lastly, it is always important to also consider the robustness of the particular models
employed. Several studies have been published that tested various models on the JSE.
Reddy and Thomson (2011: 43) tested the empirical validity of the CAPM on the South
African stock market. They found that, although the model could be rejected for most twelve-
month periods between 2000 and 2009, for all periods combined (so over a longer time
horizon) its use could be reasonably justified. Similarly, Basiewicz and Auret (2010: 13)
tested the feasibility of the Fama-French three-factor model in explaining returns on the JSE.

They found that, although the results they obtained differed from the US, it did provide an



Stellenbosch University http://scholar.sun.ac.za

71

adequate means to predict expected returns for stocks on the JSE. Hence, both the
standard CAPM and the Fama-French three-factor models are feasible models to employ in
testing returns on the JSE, which indicates that the unexpected results are not due to model

error.

Hence, results would suggest the existence of some other factor/s that influence excess
stock returns on the JSE. Further research is required to investigate this assumption.
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CHAPTER 5
SUMMARY, CONCLUSION AND RECOMMENDATIONS

5.1 INTRODUCTION

This paper investigates the effect of liquidity on stock returns on the Johannesburg Stock
Exchange (JSE). In particular, it examines whether liquidity is a priced factor that needs to
be taken into account explicitly when devising investment strategies. It is analysed in
conjunction with the effects of size, value and momentum, all of which are found to be
significant to a certain extent in explaining excess stock returns over the period 2003 to

2008. Liquidity, however, is not found to be significant for the same period.

A carefully selected dataset, spanning 2003 to 2011, is used to perform the analysis. It is
carefully examined to remove the effects of potential biases. Two size, two value and two
momentum measures are first combined to determine the most efficient measure for each
effect. Results suggested that the log of the stock’s market value best captured the size
effect, the earnings yield best captured the value effect and the previous three month’s
returns best captured the momentum effect. These three measures are subsequently
combined with five liquidity proxies: the bid-ask spread first proposed by Amihud (1986:
223), turnover, the price impact measure of Amihud (2002: 31) and two zero return
measures proposed by Lesmond et al. (1999: 1113). Numerous portfolios are created,
based on their intersection of the various effects, after which a regression analysis is

performed on each portfolio in turn.

The effect of liquidity on stock returns is especially important in an emerging economy such
as that of South Africa. Not only are emerging markets generally regarded as illiquid, but the
JSE has another peculiarity that may affect the liquidity levels of its stocks, namely that it is a
highly skewed market. The JSE is highly concentrated, dominated by only a couple of mining
shares. The biggest index on the JSE, the FTSE/JSE All Share Index (ALSI), consists of
around 164 stocks representing around 99% of the total market capitalisation of all tradable
ordinary stocks in South Africa. As at July 2011, 20% of the ALSI was represented by only
two mining companies, with the next 30% being represented by only another five companies.
Hence half of the index was represented by only seven companies. This asymmetry in
market constituents can lead to liquidity problems, especially for the remaining 50% of the
index which consists of 157 shares. As a result, the effect of liquidity on stock returns should
be analysed in detail for this market, to determine if it is as influential a factor as it may

appear to be.
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52 SUMMARY OF MAIN FINDINGS

The analysis is carried out by performing an Ordinary Least Squares (OLS) regression on
each portfolio, in turn. First, the shares are sorted into portfolios according to the intersection
of the size, value and momentum effects, after which the effect of liquidity is analysed. Four
factors are included in the models. The SMB (Small-Minus-Big) size factor and HML (High-
Minus-Low) value factor, both originally introduced by Fama and French (1993: 3), as well as
a momentum factor GMP (Good-Minus-Poor) are constructed. In addition, in order to take
account of the effect of liquidity, a liquidity factor is also included in the models in the form of
IMV (llliquid-Minus-Very liquid).

Similar to the results of previous studies, the presence of size, value and momentum factors
was shown to be influential in explaining excess stock returns. Nevertheless, since many of
the estimated intercepts still showed statistical significance when the three effects above
were included in the model, this suggested that there might be another factor influencing the
excess returns on the South African market. In order to determine if liquidity might be this
factor, the portfolios were reformed and the models re-estimated, taking account of liquidity.
However, the results indicate that it is not a priced factor on the JSE. This result remains

robust, irrespective of the type of liquidity measure used.

The strongest effect was found to be the momentum effect. It suggested that the higher the
stocks’ momentum (i.e. the higher its previous 3 month’s returns), the higher the subsequent
portfolio returns. Therefore, by including these types of stocks in a portfolio, it can be
expected to outperform the market and hence generate excess returns. This is in
accordance with the overreaction hypothesis and therefore also indicates that momentum
investment strategies may indeed generate positive excess returns. Although the size and
value effects did show some significance, no definite pattern emerged as to the direction of
the effects. However, when the above mentioned models were expanded by the inclusion of
a liquidity factor, no significant difference in results was found. This would indicate that
liquidity does not affect excess stock returns and therefore is not an influencing factor. This
suggests that it is also not a priced factor on the JSE, unlike size, value and momentum.
However, since many of the estimated intercepts remained significant, this suggests that

explanatory variables remain omitted from the model.

No single measure of liquidity emerged as superior in gauging its effects on stock returns.
While the bid-ask spread, turnover and price impact measures did tend to indicate the
presence of liquidity in explaining returns, these effects were very weak and rather
insignificant overall. The most insignificant effect was shown by both of both measures of

zero returns. Therefore, overall, it was concluded that the presence of liquidity did not affect
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and explain returns over and above that explained by the size, value and momentum effects.

Consequently, liquidity does not appear to be a priced factor on the JSE.

The results were rather surprising, given the nature and time period of the data set in
guestion. As mentioned earlier, this data set incorporated the financial crisis, a highly volatile
period that led to immense losses worldwide. Although South Africa was not as badly
affected as the US or UK, the effects did not go by unnoticed, with the repercussions being
felt in every asset class. In particular, liquidity was found to be a very important factor, with
illiquid assets being a large explanatory part of the losses. Since then, research in this area
has increased. In particular, emerging markets have always been regarded as particularly
illiquid, hence the effects of liquidity would be expected to be rather severe. Therefore the
results obtained in this thesis are quite surprising, since the opposite was found to be the

case.

5.3 PRIORITIES GOING FORWARD

The effect of liquidity on stock portfolio returns was found to be insignificant. However this
might be due to the particular period used, or possibly the types of measures employed. It is
therefore important to determine whether these results remain consistent over other periods
too. Secondly, the analysis was performed using an Ordinary Least Squares (OLS)
regression technique. Perhaps the use of a different modelling techniqgue may provide more
insight into the importance of each of the effects. Similarly, since the results indicate that
there are other factors influencing returns that have not yet been taken into account in the
model, further research is required to discover what these factors may be. Lastly, if liquidity
is definitely found to be an insignificant factor, even when extending the analysis as
suggested above, it would be of importance to find out why it is not an influencing factor on
the JSE.

54 FURTHER RESEARCH

Although the time period was deliberately chosen to cover an entire investment cycle, a
large part of the 8.5 year period was dominated by the financial crisis and subsequent
European Debt crisis. These extreme events may have distorted the results somewhat.
Therefore, this analysis should be repeated on a data set that either spans a different time

period entirely or, alternatively, spans a longer time period.

It may also be of importance to analyse whether the measures employed in this analysis are
indeed suitable as proxies for the respective effects. Although this thesis attempted to
determine the most appropriate measures to capture the effects of size, value and

momentum, further research may be required. The list of possible measures for each of
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these effects was by no means exhaustive. Hence it may be of importance to extend this list,
thereby verifying if the measures used in this analysis are indeed the most fitting in capturing
the effects.

Similarly, the range of liquidity measures employed was in no way complete. The most
effective measures, as indicated by previous literature, were included in this analysis.
Nevertheless, the analysis should be extended to include other proxies for liquidity since the
range of literature on this topic is not very extensive. It is a relatively new area, especially for
the South African market, for which the author was not able to find any published studies.
This led to the decision to test the original measures, with no transformations applied, so as
to determine their effects as is on stock returns. However, the descriptive statistics applied
on the original measures indicated that the majority of liquidity proxies exhibited skewness.
The bid-ask spread displayed the most normalised distribution, while turnover displayed a
positive skewness and the remaining variables (price impact, as well as both zeros
measures) displayed negative skewness. Hence the analysis should be extended to include
new liquidity proxies, as well as the transformed versions of the four proxies that exhibited

skewness.

The use of OLS regressions has often been criticised as too simplistic. In particular, the
effects of autocorrelation on returns may lead to inefficiency the results. Although a Newey-
West estimator was applied in an attempt to take this into account, a more sophisticated

modelling technique may be required.

Lastly, the results indicate that there are other factors influencing returns that have not yet
been taken into account in the model. Further research is required to discover what these

factors may be.
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APPENDIX A
DATA ANALYSIS

This appendix refers to Chapter 3: Research Methodology. It provides an overview of the
shares and variables used in this thesis, as well as any transformations performed on the
variables, where applicable. Detailed illustrations of the descriptive statistics are also
provided.

Al DELISTED SHARES AND THOSE WITH IMCOMPLETE DATA

The table lists those shares that have been delisted during the period January 2003 to May
2011 or for which data until the end of the period under review is not available. Inclusion of

these shares eliminates the potential effect(s) of survivorship bias.

Table A.1 Delisted shares and those with incomplete data

The table reports those shares that have been delisted during the period January 2003 to May 2011
or for which data until the end of the period under review is not available.

Share Firm name Last date of | Share Firm name Last date of
code available data | code available data
AHV | African Harvest 2003/07 GNN | Grindrod 2004/02
AFI African Life Assurance | 2006/02 GNK | Grintek 2005/05
AOD | African Rainbow 2003/09 HCI Hosken Consolidated 2011/04
Minerals Investments
AFL Aflease Gold and 2005/12 ISC Iscor 2011/04
Uranium
Resources
AGI AG Industries 2010/11 JCD JCI 2005/08
ABI Amalgamated 2004/12 JNC Johnnic Holdings 2008/09
Beverage
Industries
AMB | AMB Holdings 2003/10 MPL Metboard Properties 2006/08
AVG | Avgold 2004/05 MTC | Metro Cash & Carry 2004/11
AVS Avis Southern Africa 2004/03 MEL Mettle 2003/06
APL Applied Technology 2004/06 NWL | Nu-World Holdings 2011/04
Holdings
BJM Barnard Jacobs Mellot | 2011/01 PEP Pepkor 2004/03
Holdings
BDS Bridgestone Firestone 2005/09 RNG | Randgold & Exploration | 2011/04
Maxiprest
CPT Capital Alliance 2005/04 RBV | Reserve Holdings 2004/12
CHE | Chemical Services 2003/12 SGG | Sage Group 2005/09
CRH | Coronation Holdings 2003/08 SIS Sun International South | 2004/08
Africa
CPA | Corpcapital 2005/07 TDH | Tradehold 2011/04
DLV Dorbyl 2011/04 USV | United Service 2004/12
Technologies
ENR Energy Africa 2004/07 VNF Venfin 2006/04
GMB | Glenrand M.1.B. 2011/04 WET | Wetherlys Investment 2003/10
Holdings
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A.2 VARIABLE TRANSFORMATIONS

The table shows those variables that were transformed through the use of a natural
logarithmic transformation. It was applied to those variables for which it would make
statistical sense to do so, i.e. to remove the effect of significant positive skewness.

Table A.2 Variable transformations

The table reports those variables that were transformed through the use of a natural logarithmic
transformation.

Code before transformation Variable Code after transformation

mv Market value mvlog

bvtm Book value to market bvtmlog
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A.3 CORRELATION MATRIX, HISTROGRAMS AND DESCRIPTIVE STATISTICS OF
MONTHLY LIQUDIDITY PROXIES

The correlation matrix of the liquidity proxies considered is reported first. Most of the
variables show low correlation coefficients with each other. This would indicate that the
different proxies capture different effects. The two zeros measures, however, are highly
correlated with each other. This is not surprising since they are directly linked by definition.

Table A.3 Correlation matrix of liquidity proxies

The table reports the correlation matrix of all five liquidity proxies for the ALSI over the period January
2003 to May 2011.

BID_ASK_SPREAD TURNOVER PRICE_IMPACT ZEROS_1 ZEROS_2
BID_ASK_SPREAD 1.00 0.40 0.04 0.55 0.44
TURNOVER 0.40 1.00 0.07 0.43 0.42
PRICE_IMPACT 0.04 0.07 1.00 0.02 0.01
ZEROS_1 0.55 0.43 0.02 1.00 0.90
ZEROS_2 0.44 0.42 0.01 0.90 1.00

Histograms of all liquidity proxies are reported next. Visual inspection of the histograms
shows that the majority of proxies exhibit skewness. The bid-ask spread displays the most
normalised distribution, although some outliers do seem to be present. Turnover displays a
positive skewness, whilst the remaining variables (price impact, as well as both zeros
measures) display a negative skewness. This would suggest that a transformation is
required for all four variables that exhibit skewness, whilst the bid-ask spread measure

needs to be analysed for the possibility of outliers.
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Figure A.3.1 Histogram of the bid-ask spread measure

This figure depicts the histogram of the bid-ask spread measure for the ALSI over the period January

2003 to May 2011.
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Figure A.3.2 Histogram of the turnover measure
This figure depicts the histogram of the turnover measure for the ALSI over the period January 2003
to May 2011.
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Figure A.3.3 Histogram of the price impact measure

This figure depicts the histogram of the price impact measure for the ALSI over the period January
2003 to May 2011.
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Figure A.3.4 Histogram of the zeros1 measure

This figure depicts the histogram of the zerosl measure for the ALSI over the period January 2003 to
May 2011.
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Figure A.3.5 Histogram of the zeros2 measure

This figure depicts the histogram of the zeros2 measure for the ALSI over the period January 2003 to
May 2011.
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A4 CORRELATION MATRIX, HISTOGRAMS AND DESCRIPTIVE STATISTICS OF

MONTHLY SIZE, VALUE AND MOMENTUM VARIABLES

The correlation matrix of the list of size, value and momentum variables considered is

reported first. None of the variables shows a particularly high correlation coefficient with

each other. This suggests that similar effects are not captured by different variables resulting

in inaccurate conclusions.

Table A.4

Correlation matrix of size, value and momentum variables

The table reports the correlation matrix of the size, value and momentum variables.

MVLOG EPS EY BVTMLOG MOM3 MOM12
MVLOG 1.00 0.46 -0.35 -0.38 0.01 0.02
EPS 0.46 1.00 0.00 -0.14 0.02 0.08
EY -0.35 0.00 1.00 0.47 -0.13 -0.10
BVTMLOG -0.38 -0.14 0.47 1.00 -0.10 -0.21
MOM3 0.01 0.02 -0.13 -0.10 1.00 0.50
MOM12 0.02 0.08 -0.10 -0.21 0.50 1.00
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Histograms of all size, value and momentum variables after the winzorising and
transformation (where applicable) process are reported here. Visual inspection of the
histograms shows that the winzorising process eliminated extreme outliers, while the natural
logarithmic transformation process (where applicable) resulted in more normally distributed
variables. Positively skew distributions are evident for those variables that were not
transformed.

Figure A.4.1 Histogram of the log of the share’s market value size measure

This figure depicts the histogram of the log of the share’s market value measure for the ALSI over the
period January 2003 to May 2011. It is the first size measure being analysed.
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Figure A.4.2 Histogram of the earnings per share size measure

This figure depicts the histogram of the earnings per share measure for the ALSI over the period
January 2003 to May 2011. It is the second size measure being analysed.
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Figure A.4.3

Histogram of the earnings yield value measure

This figure depicts the histogram of the earnings yield measure for the ALSI over the period January
2003 to May 2011. It is the first value measure being analysed.
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Figure A.4.4 Histogram of the log of the book value to market value measure

This figure depicts the histogram of the log of the book value to market measure for the ALSI over the
period January 2003 to May 2011. It is the second value measure being analysed.
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Figure A.4.5 Histogram of the previous 3-month’s returns momentum measure

This figure depicts the histogram of the previous 3-month’s returns measure for the ALSI over the
period January 2003 to May 2011. It is the first momentum measure being analysed.
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Figure A.4.6 Histogram of the previous 12-month’s returns momentum measure

This figure depicts the histogram of the previous 12-month’s returns measure for the ALSI over the
period January 2003 to May 2011. It is the second momentum measure being analysed.
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APPENDIX B
NEWEY-WEST METHOD

Newey and West (1987, 1994) developed an autocorrelation-consistent as well as
heteroskedasticity-consistent estimator of the variance-covariance matrix of the Ordinary
Least Squares (OLS) estimator. This is especially useful since many estimators are based
on sample averages. However, unless the underlying series is known to be i.i.d., an
estimator of the variance of the sample series needs to be determined that takes account of
serial correlation. The Newey-West estimator is one of the most popular such estimators,

especially in the field of econometrics.

B.1 REASONING BEHIND THE NEWEY-WEST ESTIMATORS

Consider the following equation

Y=X+U
where Y is the Nx1 dependent variable vector;
X is the Nx(k+1) independent variable matrix;
B is a (k+1)x1 vector of coefficients; and

U is an Nx1 vector of error terms.

The Newey-West technique is based on the knowledge that in the presence of
heteroskedasticity and/or autocorrelation the error covariance matrix UU' cannot be written
in the form ¢2I, where o2 is a constant error variance and I is an NxN identity matrix.
Instead, the variance-covariance matrix of coefficients is written in the form X'UU'X =
X'0%1X, where both matrices are (k+1)x(k+1).° The coefficient estimates obtained using this

method are identical to those obtained using OLS.

Newey and West (1987: 703) therefore provided a method for calculating consistent
estimators that resulted in positive semidefinite covariance matrices. The resulting standard
errors are called the HAC, or heteroskedasticity and autocorrelation consistent, standard
errors. In effect, this was done by filling the diagonal of G = UU' with the squares of the
residuals and then estimating the first couple of elements next to the diagonal with the
products of the residuals. Lastly, the off-diagonal elements were shrunk towards zero with

the use of a shrinking factor that increased with the distance from the diagonal.

® Refer to Baker (2007: 1) for further information.
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B.2 THEORY BEHIND THE NEWEY-WEST STANDARD ERRORS
Consider the model
Ve = Xibo + u,
where y; and u; are scalars and X; and 6, are vectors. Assume a rx1 vector of instruments

Z; is available, where EZ,u, = 0 and Z,u; has serial correlation and heteroskedasticity of

unknown form.
Hence the following needs to be estimated (see Hansen (1982: 1029)):

S = Z EZowZ{ ju,_j = z Q= Q0+2(Qj+!%)
. _ =

Jj=—00 j=—o00

Let T be the sample size; and @ be an estimate such that T%/2(8 — 8,) is asymptotically
normal. In addition, let @i, = y, — X0 and define the j"" sample autocovariance of Zil, as
Q=T Y41 20 Z,_jll,_j for j 2 0, & = Q_; for j < 0. The estimators of S may be
written as the weighted sums of the fQJs

For the majority of weighting schemes the weights are zero for all j > m + 1 for some

bandwidth m + 1 <« T. In this case, an estimate S of S is constructed as follows:
m
S = Do"‘ZW(I"m) (2 +2)
j=1

where w(-) is a kernel representing the weights. Newey and West chose to use the Bartlett

kernel’, in which case the weights became

. J
m)=1-——
w(,m) m+1

However, the choice of m is not arbitrary. To determine it, let the weight vector be
w=011..1).
In addition, let

N Fo 1 I AI N 7~ _1 AI — 1
hy =274, A= Z?:z htht(2?=z ht—lht—l) , ht =hg—Ahy_q,

" In fact, Newey and West (1994: 631) showed that the choice of kernel did not matter. They
compared three kernels, namely the Barlett, Parzen and QS kernels, and found that the results were
similar.
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n = [4(T/100)?/°] ,

6 =T =D ELj{(WhH)Whi )}, j=0,...n
;D —2yn s s©_g n s 5 s 75002
s =23 j 8O =6 +230,6 , 7 =11447 ({805 ) "
where, as above, ii; is the scalar regression residual, Z; is the rx1 vector of instruments and

T is the sample size.

In the above equations, n is called the lag selection parameter and is used to estimate $(®
and $@, which in turn are used to establish the bandwidth m. Newey and West
recommended initially setting m = [?T1/3] and then increasing or decreasing n to examine

its effect on m and hence the sensitivity of the results. Refer to Newey and West (1994: 631)

for further details and discussions of this method.

Previous studies have found a lag parameter of 6 to be the most effective for the type of
research conducted in this thesis.
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APPENDIX C
REGRESSION RESULTS

C1 INTRODUCTION

This appendix refers to Chapter 4. Empirical Findings. It provides detailed results of all
regressions performed.

C.2 REGRESSION RESULTS FOR THE STANDARD CAPM

A standard CAPM model was run on portfolios set up according to the various size, value

and momentum variables according to equation 3.5:
Tjit = @ + BjmTme + &t

All possible combinations of the two value variables (log of book value to market and
earnings yield), two size variables (log of the market value and earnings per share) and two
momentum variables (previous 3- and 12-month’s returns) were applied to set up the

different portfolios. The results of the regressions are presented below.

C.21 EY, MVLOG, MOM3

Table C.2.1 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the earnings yield (EY) as a proxy for
the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a
proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of three value groups, two size
groups and two momentum groups. The intercept (o)) represents the average risk-adjusted return, while the t-statistics are reported in
parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In addition, the
table also reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. 2 = Durbin- 2 = Durbin-
Value Size Q Bim R R? Watson % Bim R R Watson
. -1.249 0.869 -0.629 0.872
Big (B) (-1.651) (6.487)* 0.3068 0.2993 2.6838 (-0.676) (6.918)* 0.3692 0.3624 2.4514
Low (L)
Small -4.788 0.564 0.278 1.019
©) (-3.640)* (4.053)* 0.1398 0.1305 1.9599 (0.319) (0.737)* 0.3564 0.3494 2.3355
. -2.585 0.679 -0.262 0.999
} Big(B) | 3015y | (5.189) 0.2723 0.2644 2.4516 (0.218) (4.558)" 0.4274 0.4212 2.6033
Medium
(M) Small | 11.417 2.010 -1.339 0.815
©) (0.825) (1.477) 0.0252 0.0146 2.3212 1.772) (5.115)* 0.3685 0.3616 2.0135
. -2.536 0.705 -2.047 0.786
Big(B) | (es3¢ | (4.550) 0.2724 0.2645 21335 (2421~ | (7.582)* 0.3855 0.3788 2.1112
High (H)
Small -3.977 0.617 12.577 2.088
©) (-3.849)* (3.661)* 0.2120 0.2034 1.8602 (1.043) (1.768) 0.0340 0.0235 2.3581

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.22 EY, MVLOG, MOM12

Table C.2.2 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the earnings yield (EY) as a proxy for
the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 12-month’s returns (MOM12) as a
proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of three value groups, two size
groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while the t-statistics are reported in
parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In addition, the
table also reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
Value Size = Durbin- = Durbin-
% Bim R? R? Watson % Bim R® R Watson
Low (L) Big (B) -0.693 0.935 0.3251 0.3177 2.6942 -1.172 0.812 0.3510 0.3440 2.7451
(-0.782) (8.068)* (-1.430) (5.731)*
Small -1.859 0.829 0.3032 0.2956 1.8630 -3.954 0.469 0.1320 0.1226 2.1819
S) (-1.601) (5.942)* (-3.600)* | (3.422)
Medium Big (B) -0.851 0.830 0.4202 0.4139 2.6844 -0.134 1.061 0.3707 0.3639 2.2191
(M) (-1.192) (8.792)* (-0.103) (4.103)*
Small -3.932 0.555 0.2521 0.2440 2.3693 13.446 2.186 0.0226 0.0120 2.2850
(S) (-5.382)* | (6.451)* (0.827) (1.339)
High (H) | Big(B) | -3.364 0.652 0.2805 0.2727 2.0055 1.231 1.229 0.4316 0.4254 2.1086
(-3.421)* | (4.473) (0.874) (5.888)*
Small -2.879 0.707 0.2815 0.2737 1.9202 6.317 1.372 0.0235 0.0129 2.4039
(S) (-2.985)* | (5.365)* (0.668) (1.443)
** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
C.2.3 EY, EPS, MOM3
Table C.2.3 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the earnings yield (EY) as a proxy for
the value effect, earnings per share (EPS) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the
momentum effect. Regressions are run on portfolios set up according to the intersection of three value groups, two size groups and two
momentum groups. The intercept (o)) represents the average risk-adjusted return, while the t-statistics are reported in parentheses
below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In addition, the table also
reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. = Durbin- = Durbin-
Value Size o Bim R R? Watson 0 Bim R? R? Watson
. -1.496 0.939 -0.285 0.861
BiO®) | 1705 | @orsy | 031 0.3279 25194 o280) | ooy | 03149 0.3075 2.3088
Low (L)
Small | -4.295 0.490 -3.104 0.574
5 ooy | (dosoy | 005% 0.0496 2.0741 ooty | (orny | 04257 0.1162 2.2557
. -2.952 0.628 0.604 0.999
Big (B 0.2477 0.2395 2.4286 0.3797 0.3730 2.4318
vegium | 20 ® | (3489 | (5.522)* (0.506) (4.436)*
M) N
(SS”)‘a” (_11'14?730) ?;:730)* 03131 0.3057 2.3017 ?6865;4) (16303341)* 0.4361 0.4300 1.9583
4 2730 0.653 -0.942 0.784
‘ BiO(B) | 5agiye | hoosyr | 02198 0.2109 21173 Gy | Gosey | 04312 0.4251 2.2790
High (H)
(SS”)‘a” E-34.1523762)* ?fggg)* 0.2791 0.2713 1.9564 (112051555) (21'391307) 0.0390 0.0286 2.3802

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.24 EY, EPS, MOM12

Table C.2.4 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the earnings yield (EY) as a proxy for
the value effect, earnings per share (EPS) as a proxy for the size effect and the previous 12-month’s returns (MOM12) as a proxy for
the momentum effect. Regressions are run on portfolios set up according to the intersection of three value groups, two size groups and
two momentum groups. The intercept (o) represents the average risk-adjusted return, while the t-statistics are reported in parentheses
below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In addition, the table also
reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. = Durbin- = Durbin-
2 2 2 2
Value Size 0 Bim R R Watson % Bim R R Watson
. -1.370 0.963 -0.600 0.844
Big (B) (1.648) (8.505)* 0.3500 0.3429 2.4300 (-0.656) (6.573)* 0.3231 0.3158 2.4286
Low (L)
Small -2.674 0.645 -1.282 0.978
©) (-2.093) (4.525)* 0.1487 0.1394 2.4811 (-0.927y (3.556)* 0.2928 0.2851 2.2318
. -0.701 0.830 -0.144 1.066
Vi Big (B) | (0.897) (7.445)" 0.4169 0.4105 2.6241 (:0.107) (4.149)" 0.3696 0.3627 2.2211
edium
™) Small | -2.832 0.743 -3.420 0.563
©) (-3.695)* (9.055)* 0.3153 0.3079 2.4823 (-3.138)* @177y 0.2289 0.2205 2.1147
. -2.751 0.614 0.985 1.125
Big (B) (:2.916)* (3.781)* 0.2044 0.1958 2.1852 (0.620) (4.470)* 0.3793 0.3725 2.0258
High (H)
Small -3.527 0.725 7.089 1.479
©) (-4.190)* (5.899)* 0.2276 0.2192 1.8513 (0.611) (1.289) 0.0193 0.0087 2.3535
** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
C.25 BVTMLOG, MVLOG, MOM3
Table C.2.5 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the log of the book value to market
(BVTMLOG) as a proxy for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-
month’s returns (MOMS3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of
three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while the
t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors
with six lags. In addition, the table also reports the R? the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. 2 = Durbin- 2 = Durbin-
Value Size o Bim R R? Watson 0 Bim R R? Watson
Big (B) i-22'185425)* ?1212331)* 0.3317 0.3244 2.4170 2.1603522) ?488255)* 0.3236 0.3163 2.3910
Low (L)
Small | -6.581 0.395 1.243 0.748
@ Ciogty | (oommy | 00463 0.0360 21378 Cioee) | Goay | 02526 0.2445 22392
. 2725 0.690 1.257 1.137
vegurn | B9®) | G2 | (rosey | 03132 0.3057 2.3353 Grioy | (zarey | 05156 05103 2.3982
M) _
(SS”)‘a” (25‘ ffg ?1421;1) 0.0219 0.0113 2.2044 (_12'65231)** ?7'713370)* 0.3616 0.3546 1.7896
Big (B) i-li026194)* (150(53?5)* 0.3102 0.3027 21499 i_12'55931)** ?6715202)* 02782 0.2704 23673
High (H)
(SS”)‘a” E-Sffga) ?ffsooy 0.2601 0.2521 20135 ?l'f‘gfg) (12'_91)16)** 0.0543 0.0440 2.4628

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.26 BVTMLOG, MVLOG, MOM12

Table C.2.6 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the log of the book value to market
(BVTMLOG) as a proxy for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 12-
month’s returns (MOM12) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of
three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while the
t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors
with six lags. In addition, the table also reports the R? the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. = Durbin- = Durbin-
2 2 2 2
Value Size 0 Bim R R Watson % Bim R R Watson
. -1.758 0.798 -1.174 0.884
Big (B) (1.793) (7.940) 0.2746 0.2667 2.5069 (1.581) (7.016)* 0.4479 0.4419 2.4976
Low (L)
Small -5.022 0.533 -2.909 0.557
©) (-5.330)* (6.214)* 0.1327 0.1232 1.9562 (-2.855)* (3.682)* 0.1640 0.1549 2.0215
. -1.058 0.930 -0.232 0.997
Vi Big ®) | (1.107) (9.208)* 0.4104 0.4040 2.1168 (:0.238) (5.560)" 0.3619 0.3550 2.1988
edium
(M) Small | -2.519 0.787 14.662 2.283
©) (-2.846)* (7.726)* 0.3235 0.3162 2.1565 (0.780) (1.223) 0.0193 0.0087 2.2460
. -1.017 0.864 -2.305 0.766
Big (B) (-1.533) (6.523)* 0.3084 0.3008 2.0285 (-2.418) (5.797)* 0.2476 0.2394 2.5132
High (H)
Small -2.687 0.736 2.856 1.162
©) (-2.934)* (4.759)* 0.3197 0.3123 1.9210 (0.447) (1.721) 0.0322 0.0216 2.4851
** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
C.2.7 BVTMLOG, EPS, MOM3
Table C.2.7 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the log of the book value to market
(BVTMLOG) as a proxy for the value effect, earnings per share (EPS) as a proxy for the size effect and the previous 3-month’s returns
(MOMB3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of three value
groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while the t-statistics
are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags.
In addition, the table also reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. 2 =5 Durbin- 2 = Durbin-
Value Size o Bim R R? Watson 0 Bim R R? Watson
. -2.442 0.757 -0.832 0.877
Big®) | (3671 | (9.588) 0.3023 0.2947 2.3468 (:0.730) (5.867)" 0.3354 0.3281 2.2637
Low (L)
Small -2.519 0.707 -1.070 0.796
©) (-3.326)* (7.167)* 0.2656 0.2577 2.1567 (-1.482) (4.246)* 0.1980 0.1893 2.4029
. -2.847 0.648 2.360 1.094
Vedium Big®) | (3310 | (5.158)" 0.2543 0.2462 2.3892 (1.538) (3.196)" 0.1997 0.1910 2.2588
M) Small | -4.678 0.509 -0.747 0.898
©) (-2.897)* (2.567)* 0.0462 0.0359 1.9705 (-0.505) (4.708)* 0.3167 0.3092 2.1572
. -0.890 0.877 -0.564 0.798
Big (B) (1.142) (5.629)* 0.2741 0.2662 2.2661 (-0.725) (6.259)* 0.2674 0.2595 2.1767
High (H)
Small -4.179 0.461 4.610 1.370
©) (-4.582)* (3.305)** 0.1769 0.1679 1.6343 (0.939) (2.928)* 0.0557 0.0455 2.5526

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.28 BVTMLOG, EPS, MOM12

Table C.2.8 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the log of the book value to market
(BVTMLOG,) as a proxy for the value effect, earnings per share (EPS) as a proxy for the size effect and the previous 12-month’s returns
(MOM12) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of three value
groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while the t-statistics
are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags.
In addition, the table also reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. 2 = Durbin- 2 = Durbin-
Value Size 0 Bim R R? Watson 9 Bim R R? Watson
. -0.512 0.929 -1.137 0.856
Big (B) (-0.564) (10.594)* 0.3521 0.3451 2.4210 (-1.308) (7.128)* 0.3992 0.3927 2.2572
Low (L)
Small -4.337 0.459 2.076 1.090
©) (-3.460)* (3.356)* 0.0806 0.0706 2.5979 (1.025) (1.897) 0.0841 0.0741 1.9717
. -1.797 0.796 -0.944 0.719
e Big (B) | igss) | ©oo3r | 03057 0.2961 2.1556 cosen) | (Loar) 0.0850 0.0751 2.2095
™) Small | -1.886 0.834 -1.313 0.965
©) (-1.636) (5.801)* 0.3361 0.3289 2.3687 (1.199) (4.421)* 0.2987 0.2910 2.1126
. -1.780 0.804 -1.381 0.764
Big (B) (-1.953) (6.688)* 0.4258 0.4195 1.9880 (1.743) (5.361)* 0.2538 0.2457 2.2994
High (H)
Small -2.677 0.641 2.607 1.059
©) (-2.201)% (4.261)* 0.1950 0.1862 2.1703 (0.351) (1.417) 0.0207 0.0101 2.4684

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level




C3 REGRESSION RESULTS FOR THE MOMENTUM-AUGMENTED FAMA-FRENCH MODEL

A momentum-augmented Fama-French model was run on portfolios set up according to the various size, value and momentum variables

according to equation 3.6:

Tt = & + BimTme + SjsupSMBy + hjuy  HMLe + gjeupGMP + 17,

The results for the different portfolios are presented below.

C.3.1 EY, MVLOG, MOM3

Table C.3.1 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the earnings yield (EY) as a proxy for the value effect, the log of the market value
(MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of three value
groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjn, Sjsms, hjuve and giewe represent the coefficients of the market return, size factor, value
factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In addition, the
table also reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value Size o Bim Sisme Njme Giemp R? R2 \?Vlg:);S; o7} Bim Sisme i Oiemp R? RZ \?vl{argg,;

0w |G | By | O | O |Gy o |oum | e | 5 |0y | G | i |G | | o | e
Low (L)
T e [, W |G | G | &Gy | o | e | G | S | Sy | G | Sy | o | o | 2oms
egum | B9® | Gleony | ooy | (smser | Garer | casawe | 03018 |03 |2 | G| US| Gomy | (ate | @oree | 04654 | 04414 | 268
W e [, | |5 | B | O [omn s e | A2 U0 |0, | O, |8, |omer |ows | s

Big (B) E-li.120729) ?é?gc?n* igi.sfazn* ?é‘.lffoy i?ééssfs)* 04019 03750 21580 fé%s?fs)* ?%75922)* fs".lzegg)* ?é§25;0)* ?6?72938) 0.5825 0.5637 21786
High (H)
MO (oo |G (W |Gy | S | O 0w |owsr o | | | A |G | |0 | | s

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

00T



C.3.2 EY, MVLOG, MOM12

Table C.3.2 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the earnings yield (EY) as a proxy for the value effect, the log of the market value
(MVLOG) as a proxy for the size effect and the previous 12-month’s returns (MOM12) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of three value
groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjn, Sjsms, hjuve and giewe represent the coefficients of the market return, size factor, value
factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In addition, the
table also reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value Size o Bim Sisme Njme Giemp R? R2 \[/)Vlgtbslgé aj Bim Sisme i Oiemp R? RZ \E,)ngtbslg;]

R R N T N [ e ) P M - I N = PP Py .
Low (L)
" Small () fdﬁs?& (1i(2).2§17)* ?5.527566)* E?ééfgn* i?i.zgzgz) 05280 0.5068 20751 lei.116540)* ?3':137582)* ?6.191508) 2?2'%8785)** ?1..341142) 0.2847 02525 2.0651
g | B9® | Clesy | Guase | (izey | Gora | Geopy | 064 | oemo | 2ssse | BN | (BN | Garer | (omen | (aospy | 0609 | 0sser | 1ss02
R T N N e B S - o L R A b N O e S I T R EEEY

Big (B) i-ss'?fztloy ?5'(.555(?6)* &(‘)22599) ?3..502(;)2)* E?i.258751) 03772 | 03492 22100 fdggl) ?iiltlsg)* fé.?sgzgz)* (()i‘.lE?SS) ?::3.58185;7)* 06393 | 06231 | 2.0805
High (H)
N T TR TR PN PN T o Py PR N 7N O PN N [ -

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.33

EY, EPS, MOMS3

Table C.3.3

Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the earnings yield (EY) as a proxy for the value effect, earnings per share (EPS) as a
proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of three value groups, two size
groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjn, Sjsme, hjume and giewe represent the coefficients of the market return, size factor, value factor and
momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In addition, the table also
reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value Size o Bim Sisme Njme Giemp R? R2 \[/)Vlgtbslgé aj Bim Sisme i Oiemp R? RZ \E,)ngtbslg;]

o | e | N |G | S |6 omr [ oo | iy | o | G | S | Wy |0 |ar | s
Low (L)
Y o |ty 6 | K | S | Sy [ oo | o | By | B | S | S | i | oo |0 |2
g | B9® | (azeoy | (0106y | (0095 | oty | casory | 0300 |03 | 2ew2 | Ao | (T | Gasye | (o | (essy | 0472 | 0428 | 24887
" Small (S) fd?o5857) ?é?ffa)* ?i.231152) ?2.2233,39)** ffgzgoy 0.4383 0.4130 26536 ?6.33852) (16.247;)2)* ?i:.;72778) fé?36290)** ?i.affm 0.4985 0.4760 1.9096

0® | e | W |G | Gy | Sy |0 [oso |cam | i | Wb |G | | Gy |0 |ower |2
High (H)
T Lo | B | S W | M | A oo [owo |zem | 22D | Gy | W | A | S | o |oms | e

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.34

EY, EPS, MOM12

Table C.3.4

Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the earnings yield (EY) as a proxy for the value effect, earnings per share (EPS) as a
proxy for the size effect and the previous 12-month’s returns (MOM12) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of three value groups, two size
groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjn, Sjsme, hjume and giewe represent the coefficients of the market return, size factor, value factor and
momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In addition, the table also
reports the R?, the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value Size o Bim Sisme Njme Giemp R? R2 \[/)Vlgtbslgé aj Bim Sisme i Oiemp R? RZ \E,)ngtbslg;]

0w | O | B | G | O |6 |omn |owm | sew | G | G0 | Oy | G | e |0 | oms | s
Low (L)
B T e N T = P P e Wl £~ Wl XN N Jyehay poweay pyos
veiom | B9 | (l0sy | Garr | Cloosr | (ass | cossy | 0415 | oezss | zsmy | (SRl | (o | (S7e | cilsy | Goer | 099 | 0sTaT | 223%
O e | B |G | | G | Oy |oan | | | S | N | O | W | O, |owee | o | zos

wo® | Gy |8 | Sy | Uy | Gy ome |omm | cwe | 35 | G, | O |G | G | |osmo | o
High (H)
T oo |, | o [ |8, | |ome |aow | 5% | R |5 |2 | R | | oo | caw

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.3.5 BVTMLOG, MVLOG, MOM3

Table C.3.5 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the log of the book value to market (BVTMLOG) as a proxy for the value effect, the
log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the
intersection of three value groups, two size groups and two momentum groups. The intercept (o)) represents the average risk-adjusted return, while Bjm, Sisms, hiume and giewe represent the coefficients of the
market return, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard
errors with six lags. In addition, the table also reports the R? the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. _ Durbin- _ Durbin-
Value Size o Bim Sisuie P Yiowp R R? ngtt)slgn 0 Bim Sisws P Jiowp R? R? ngggn
. -1.280 0.862 -0.249 -0.042 -0.562 -1.478 0.809 0.144 0.014 0.373
Big (B) (194a) | @z729¢ | (3221 | (0.339) | (asa0p | 04291 0.4034 25123 (1537) | 907 | (L.087) (0.082) (1.686) 03757 0.3477 2.4802
Low (L)
-4.239 0.616 -0.094 -0.753 -0.797 -1.146 0.807 0317 -0.389 0.364
Small(S) | (3566 | (4974 | (0.839) | (2187 | (3215 | 03183 02877 1.9100 (1.458) | (5.976)¢ | (1.904) (2.295+ | (1.513) 03211 02906 21769
. -2.104 0.721 -0.220 0.028 -0.402 0971 1.097 -0.095 0.224 0.028
vedium | B9® | (os2y | (7549 | (2758 | (0215) | (d2amr | 03788 | 03506 | 23446 | (1u)ny | (disoay | (0878) | (1834) | (0.lag) | 05962 | 05175 ) 24595
™ 5.077 1.386 2977 1.465 -1.683 2171 0.714 0.168 -0.010 0.339
Small(S) | (1834 | (@003 | (10733 | (3362 | (-3.809) | 09862 | 09856 | 23886 | Sgige | sasey | (2.208)% | (0.114) | (2996 | 04062 | 03795 | 1.8513
. -1.201 0.901 -0.825 0.985 -0.897 -2.163 0.662 -0.223 0.475 -0.021
Big (B) (1543) | (80a6y | (3.604y | (4147 | (2766 | 05922 05739 2.0890 (3346) | (5.764)* | (-1.856) | 2180y« | (-0.125) | 03770 03490 2.4749
High (H)
-3.500 0.566 -0.058 0.001 -0.140 -1.268 0.963 1222 1.370 0.435
Small(S) | (5110 | 5174y | (-0.954) | (0.007) (1186) | 02722 0.2395 2.0271 (1.258) | (7.342¢ | (10325 | 5010y | (2201 | 09744 0.9733 23934

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.3.6 BVTMLOG, MVLOG, MOM12

Table C.3.6 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the log of the book value to market (BVTMLOG) as a proxy for the value effect, the
log of the market value (MVLOG) as a proxy for the size effect and the previous 12-month’s returns (MOM12) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the
intersection of three value groups, two size groups and two momentum groups. The intercept (o)) represents the average risk-adjusted return, while Bjm, Sisms, hiume and giewe represent the coefficients of the
market return, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard
errors with six lags. In addition, the table also reports the R? the adjusted R? (R?) as well as the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value Size o Bim Sisme Njme Giemp R? R2 \[/)Vlgtbslgé aj Bim Sisme i Oiemp R? RZ \E,)ngtbslg;]

wow |y | D | O | O, | U, o |owm | | g |0 om0, [, e | osm | 2o
Low (L)
T e [y A, S, | |G | o | | G | O | 6By | S | S | oker | ome | a7e
egum | B9® | (Gote) | ooy | ©4z0) | (aan | coran | 042% | 0% | zares | BRGGh | oy | (osas | @ery | 09198 | 0som | 2158
" Small (S) i-lz'?12779)** ?545248)* ?2'.387286)* ?6.1:613) E?z'ﬁgz)** 0.4189 0.3928 2:2296 (16?335) (14.25551)* (26953839)* ?0'4.170258) (15?4?478)* 0.9806 09798 1.8710

w0® | S | G | S | G | Gy | o | o | ames | S | R | O | O | Sy |0 | s | e
High (H)
I P TR N A N N Y PR [ YR Y T TN TN = PP Py pes

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.3.7 BVTMLOG, EPS, MOMS3

Table C.3.7 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the log of the book value to market (BVTMLOG) as a proxy for the value effect,
earnings per share (EPS) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of
three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjm, Sisws, hjame @and gieme represent the coefficients of the market return, size
factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In
addition, the table also reports the R? the adjusted R? (R?) as well as the Durbin-Watson statistic.

90T

Momentum
Poor (P) Good (G)

Value Size o Bim Sisme Njme Giemp R? R2 \[/)Vlgtbslgé aj Bim Sisme i Oiemp R? RZ \E,)ngtbslg;]

0o | i | | | e | By oo [ |2 | | | S | Gty | iy oo [o | e
Low (L)
O [ | S | e | 0 | | S [ o oo | i | O |G |8 |Gy | | o | e
g | B9® | Godey | Goaor | (osas | Gomn | cLassy | 02890 | 02s60 | 2383 | (Fh | (T | GGoosy | oz | (ool | 0927 | 08002 | 23220
" Small (S) i?d(.s42150) ?3'?111)* ?6‘.162620) ?i(.5953634) E»lz'.azsé)a)** 0.3822 0.3545 20531 E-ld?glgm ?5?26545)* ?1.2(37327) :)2.112569)** ?i.235200) 0.3835 03558 21990

Big (B) i-li‘.l;ga) ?7'?45038)* i?é?sﬁ;SO)* ?5.7251:6)* fi.zeefg) 05540 | 05340 | 2.4253 £—22..282837)* ?fgsgg)* i?zi.?f:e)* ?;.358:?6)* ?1..119933) 0.4465 | 04217 | 2.1244
High (H)
T e |2 | Sy 6 | Sy | Aty [owe o [ | 2 | W | | i | Gl | o |0 |2

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level




C.3.8 BVTMLOG, EPS, MOM12

Table C.3.8 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the log of the book value to market (BVTMLOG) as a proxy for the value effect,
earnings per share (EPS) as a proxy for the size effect and the previous 12-month’s returns (MOM12) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of
three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjm, Sisws, hjame @and gieme represent the coefficients of the market return, size
factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In
addition, the table also reports the R? the adjusted R? (R?) as well as the Durbin-Watson statistic.

L0T

Momentum
Poor (P) Good (G)

Value Size o Bim Sisme Njme Giemp R? R2 \[/)Vlgtbslgé aj Bim Sisme i Oiemp R? RZ \E,)ngtbslg;]

e |5 | e |y | Ly |G |0 [on | | B | W | S | By | Gy [0 | omer |2
Low (L)
Y o | Sty |6 | B | S |Gy [ oo |z |2 | | e |y | By | o o |2
g | B9® | Glary | Gazn | osan | oo | comsn | 0321 | ozsiz | 2140 | B | GRG | (Gaze) | (aoezr | Grooy | 06%8 | 06203 | 23029
" Small (S) i-zi?91324) ?ééaggg)z)* ?2".118676)** fb?zsezn E?z'.aflae)** 0.3296 02995 23952 E-Zz'.llas?oy* ?5?:768)* fd?34236) fi.zezfg) ?2'%50954)** 0.4342 0.4088 2.0328

Big (B) i-lé?fgs)** ?7-.7295'?6)* fi.zs;)f?s) ?6(.)73549) ?1..12270) 0.4485 0.4237 20759 i-ls'?olit)* ?6.712078)* i?é.315)580)** ((36987702) ?é.ggfs)* 03201 02990 24222
High (H)
M e |2y | |6 | 05 | om0 | | Sy | W | | iy |5 | oo [ oowe |2

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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CA4 REGRESSION RESULTS FOR THE STANDARD CAPM (FOR PORTFOLIOS
THAT TAKE ACCOUNT OF LIQUIDITY)

A standard CAPM model was run on portfolios set up according to five liquidity variables: the
bid-ask spread, turnover, the Amihud price impact measure and the two zeros measures,
namely zerosl and zeros2. The size, value and momentum variables were held constant.

Equation 3.5 provides a mathematical description of this particular model:
Tjit = & + BimTme + &t

The results from the two earlier regression analyses (which can be found in Appendix C.2
and C.3) were used to determine which measures best describe the respective size, value
and momentum effects. They were found to be the earnings yield (EY) for the value effect,
the log of the firm’s market value (MVLOG) for the size effect and, lastly, the previous 3-
month’s returns (MOM3) for the momentum effect. These three measures were applied
together with the various liquidity measures to determine their significance in setting up
portfolios and hence generating excess returns. This was done by running regressions on

the various portfolios.

As can be seen, this model is identical to that in Appendix C.2. The aim of performing this
regression again was to compare it to the results of equation 3.5 that were obtained earlier.
The difference between these two regression analyses is the way in which the portfolios
were set up. The portfolios from the earlier regression analysis were set up according to
different size, value and momentum variables, whilst in this analysis the portfolios were set
up according to five different liquidity variables, while the size, value and momentum
variables were held constant (namely EY, MVLOG and MOM3). Therefore these results are
compared to the results found in Table C.2.1. If liquidity is indeed an influencing factor, then

we would expect the significance of the factors to differ from those obtained earlier.

The results of the standard CAPM regressions (equation 3.5) are presented below.
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C.4.1 BID-ASK- SPREAD

Table C.4.1 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the bid-ask spread as a proxy for
liquidity, the earnings yield (EY) as a proxy for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and
the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the
intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the
average risk-adjusted return, while the t-statistics are reported in parentheses below the coefficient estimates. The models are
estimated using Newey-West standard errors with six lags. In addition, the table also reports the R? the adjusted R* (R?) as well as the
Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
Value Size 9 Bim R? R \a/uartbslgr_l B Bim R R? allggg;
Panel A: llliquid firms
. -1.311 0.859 -0.534 0.870
Big (B) (1.682) (6.176)* 0.2904 0.2827 2.6850 (-0.579) (6.734)* 0.3708 0.3640 2.4715
Low (L)
Small -2.521 0.735 -2.912 0.706
©) (Da26y | (3.983) 0.1239 0.1144 2.0815 (3.34ay | (7.760)" 0.2316 0.2233 2.2273
. -2.522 0.690 -0.270 1.004
_ Big(®) | Zei7y | (5120 0.2716 0.2637 2.4207 (0.213) (4.320)* 0.4160 0.4096 2.6006
Medium
M) Small | -2.043 0.926 -2.402 0.698
©) (-1.310) (4.899)* 0.2274 0.2190 1.8463 (-1.218) (2.370) 0.1226 0.1130 2.0790
. -2.554 0.700 -2.219 0.755
Big (B) (-2.692)* (4.685)* 0.2657 0.2577 2.1777 (-2.579) (6.772)* 0.3570 0.3500 2.1268
High (H)
Small -5.055 0.312 -2.427 0.538
©) a2y | (daeay | 00855 0.0250 2.3797 2147y | (3.480)" 0.1525 0.1433 2.0252
Panel B: Liquid firms
. -3.760 0.545 -1.682 0.832
Big (B) (-3.474)* (3.055)* 0.1580 0.1489 2.0529 (-1.393) (6.099)* 0.3212 0.3138 1.8411
Low (L)
Small -4.356 0.591 0.515 1.050
©) (39200 | (4.326)" 0.1540 0.1448 2.1229 (0.465) (7.438)" 0.2707 0.2627 2.4165
. -3.228 0.619 -3.084 0.725
Viedium Big (B) (3.723)* (5.923)* 0.1955 0.1868 2.0181 (-3.676)* (6.070)* 0.4723 0.4666 1.5183
(M) Small | -5.612 0.411 -1.241 0.782
©) (-2.430) (1.797) 0.0341 0.0236 2.0393 (-1.986) (6.888)* 0.3296 0.3223 2.0562
. -4.205 0.353 -0.837 1.022
Big (B) (-2.809)* (1.765) 0.0419 0.0315 2.1846 (-0.452) (3.738) 0.2565 0.2484 2.0776
High (H)
Small -2.404 0.793 -2.896 0.663
©) (-3.791)* (6.247)* 0.3920 0.3853 1.5388 (-1.071) (2.538) 0.0745 0.0644 2.0691

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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Table C.4.2

Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to turnover as a proxy for liquidity, the
earnings yield (EY) as a proxy for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous
3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of
two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-
adjusted return, while the t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using
Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) as well as the Durbin-Watson

statistic.
Momentum
Poor (P) Good (G)
. 2 — Durbin- 2 = Durbin-
Value Size Q Bim R R Watson % Bim R R Watson
Panel A: llliquid firms
. -1.786 0.860 -1.114 0.782
Big (B) | (104 | (6.723)" 0.3388 0.3316 2.5587 (-1.208) (6.140)* 0.3124 0.3050 2.4642
Low (L)
Small -4.012 0.535 -3.446 0.483
©) (-5.335)* (4.031)* 0.1930 0.1842 1.8164 (-2.755)* (3.340)* 0.0966 0.0868 2.1897
. -2.800 0.623 -0.239 1.018
e Big(®) | Zgoor | (3872) 0.2149 0.2063 2.4736 (:0.187) (4.367)* 0.4072 0.4008 2.5658
edium
(M) Small | 5778 0.475 -2.793 0.802
©) (-4.207)* (3.863)* 0.0567 0.0465 2.4887 (-3.747)* (6.484)* 0.4548 0.4488 1.9052
. -2.444 0.724 -3.153 0.691
Big (B) (-2.319) (4.610)* 0.2502 0.2420 2.2151 (-3.149)* (5.831)* 0.3114 0.3039 1.9527
High (H)
Small -4.497 0.374 -3.585 0.399
© (-2.157) (1.656) 0.0344 0.0239 2.1022 (-3.366)* (4.334)* 0.1033 0.0936 1.7967
Panel B: Liquid firms
. -2.102 0.701 -0.024 1.013
Big (B) (-2.749)* (5.232)* 0.2367 0.2284 2.7222 (-0.023) (7.479)* 0.4424 0.4363 2.2408
Low (L)
Small -5.093 0.568 0.148 0.997
© (3.114)" (3.631)* 0.0885 0.0786 2.1983 (0.191) (11.685)* 0.4050 0.3985 2.2292
. -2.830 0.723 -1.597 0.940
4 Big (B) (-4.087)* (8.295)* 0.2529 0.2447 2.2438 (1.687) (5.677)* 0.4161 0.4097 2.2324
Medium
(M) Small | -4.485 0522 -1.316 0.797
©) (-2.054y (2.463)* 0.0597 0.0495 2.0136 (1.129) (3.101)* 0.2432 0.2350 1.9812
. -3.780 0.426 1.588 1.262
Big (B) (3.413)* (3.589)* 0.0985 0.0887 2.5216 (1.066) (6.252)* 0.4613 0.4554 2.1895
High (H)
Small -2.886 0.812 -2.348 0.703
©) (-3.979)* (4.651)* 0.2992 0.2915 1.9289 (-1.026) (2.972)* 0.0912 0.0813 2.2633

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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Table C.4.3

Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to price impact as a proxy for liquidity, the
earnings yield (EY) as a proxy for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous
3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection of
two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-
adjusted return, while the t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using
Newey-West standard errors with six lags. In addition, the table also reports the R? the adjusted R? (R?) as well as the Durbin-Watson

statistic.
Momentum
Poor (P) Good (G)
. 2 — Durbin- 2 = Durbin-
Value Size Q Bim R R Watson % Bim R R Watson
Panel A: llliquid firms
. -1.310 0.861 -0.532 0.872
Big (B) (-1.659) (6.106)* 0.2878 0.2800 2.6764 (-0.581) (6.804)* 0.3728 0.3659 2.4700
Low (L)
Small -4.495 0.541 -4.368 0.429
©) (2150y | (257ay+ | 00826 0.0727 1.8252 (3513 | (3317)" 0.0812 0.0713 2.0411
. -2.469 0.694 -0.253 1.004
Medium Big(B) | (Gso7y= | (4.023)" 0.2532 0.2451 2.4588 (0.198) (@272 0.4156 0.4092 2.5918
(M) Small | -4.812 0.658 -3.499 0.500
©) (-4.328)* (5.063)* 0.1290 0.1195 2.4406 (-3.347)* (3.357)* 0.1860 0.1772 1.6270
: -2.546 0.709 -2.265 0.757
Big (B) (-2.834)* (4.964)* 0.2824 0.2746 2.1595 (-2.495) (6.521)* 0.3388 0.3316 2.0653
High (H)
Small -5.503 0.358 -0.724 0.723
©) (assay | (1.767) 0.0356 0.0251 2.2955 (:0.220) @303y | 00641 0.0540 2.0142
Panel B: Liquid firms
. -1.025 0.889 -1.382 0.754
Big (B) (-1.146) (5.578)* 0.3117 0.3043 2.4102 (-0.967) (4.358)* 0.2667 0.2587 1.9086
Low (L)
Small -4.386 0.582 -0.783 0.926
©) (3801 | (4.250)" 0.1347 0.1252 2.1382 (-1.006) (10.425) | 0-4005 0.3940 2.2842
. -2.498 0.781 -2.625 0.876
Viedium Big (B) (-3.434)* (9.117)* 0.2272 0.2188 2.3627 (-2.916)* (7.462)* 0.4307 0.4245 1.8908
(M) Small | -4.541 0.457 -1.243 0.857
©) (-2.001) (2.268)* 0.0485 0.0381 2.0320 (-1.340) (4.082)* 0.3318 0.3246 2.1153
. 0.854 0.785 0.211 1.118
Big (B) | (.200) (2.003y= | 00286 0.0181 2.5206 (0.104) (@211)* 0.2613 0.2533 2.1754
High (H)
Small -2.072 0.846 -2.555 0.675
©) (-2.924)* (4.920)* 0.3542 0.3472 1.6798 (-1.028) (.677)* 0.0790 0.0690 2.1998

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C44 ZEROS1

Table C.4.4 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the zerosl measure as a proxy for
liquidity, the earnings yield (EY) as a proxy for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and
the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the
intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the
average risk-adjusted return, while the t-statistics are reported in parentheses below the coefficient estimates. The models are
estimated using Newey-West standard errors with six lags. In addition, the table also reports the R? the adjusted R? (R?) as well as the
Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. 2 — Durbin- 2 = Durbin-
Value Size Q Bim R R Watson % Bim R R Watson
Panel A: llliquid firms
. -1.469 0.839 -0.564 0.878
Big (B) (-1.755) (5.634)* 0.2648 0.2568 2.7037 (-0.613) (7.116)* 0.3675 0.3606 2.4194
Low (L)
Small -2.853 0.749 -1.548 0.740
©) (-1.506) (3.957)* 0.1307 0.1212 2.0259 (-0.953) (4.688)* 0.1498 0.1406 1.9770
. -2.518 0.685 -0.294 1.016
Medium Big (B) | G627y | (4.536)" 0.2538 0.2457 2.4314 (0.251) (4.810)* 0.4231 0.4168 2.5875
(M) Small | -4.493 0.604 -3.743 0537
©) (3639 | (4.141) 0.0787 0.0687 2.3703 (2314 | (2.800)" 0.1571 0.1480 1.8809
. -2.497 0.721 -2.293 0.768
Big ®) | (504 | (4.610)" 0.2564 0.2483 2.2840 (2452 | (6.879)" 0.3298 0.3225 2.0463
High (H)
Small -3.071 0.549 -0.440 0.717
© (-3.878)" (6.451)* 0.1876 0.1787 2.2588 (-0.108) (1.912) 0.0422 0.0318 2.0078
Panel B: Liquid firms
. -2.541 0.785 -0.248 1.084
Big (B) (2.753)* (4.819)* 0.2922 0.2845 1.8080 (-0.135) (2.963)* 0.2625 0.2545 2.0383
Low (L)
Small -5.346 0.486 -0.423 0.973
©) Car4zy | (3508 0.0843 0.0744 2.1768 (0.469) (8.977)¢ 0.3147 0.3072 2.5569
. -2.834 0.668 -1.128 0.791
Viedium Big (B) (3.800)* (7.857)* 0.1804 0.1715 2.2125 (0.573) (2.405) 0.2211 0.2127 2.1021
™) Small | -4.529 0.487 -2.746 0.685
©) (-2.084y (2.436)* 0.0537 0.0434 2.0586 (-3.534)* (4.868)* 0.3173 0.3099 1.9396
. -2.741 0.668 -3.126 0.502
Big (B) | (G50 | (2.602)" 0.1476 0.1383 1.6971 (1.949) (Ba3sy | 00859 0.0760 2.0331
High (H)
Small -4.270 0.588 -2.624 0.698
©) (-4.256)* (3.664)* 0.1623 0.1531 2.0380 (-1.129) (2.979)* 0.0931 0.0832 2.2196

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C45 ZEROS?2

Table C.4.5 Regressions of excess stock returns on the excess market returns

The table reports the regression results for the standard CAPM for portfolios set up according to the zeros2 measure as a proxy for
liquidity, the earnings yield (EY) as a proxy for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and
the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the
intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the
average risk-adjusted return, while the t-statistics are reported in parentheses below the coefficient estimates. The models are
estimated using Newey-West standard errors with six lags. In addition, the table also reports the R? the adjusted R? (R?) as well as the
Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. 2 — Durbin- 2 = Durbin-
Value Size Q Bim R R Watson % Bim R R Watson
Panel A: llliquid firms
. -1.435 0.840 -0.571 0.878
Big (B) (1.707) (5.612)* 0.2632 0.2552 2.6927 (-0.621) (7.133)* 0.3671 0.3602 2.4236
Low (L)
Small -3.116 0.676 -2.106 0.656
©) (-1.570) (2.829)* 0.0790 0.0690 1.7566 (-0.980) (3.076)* 0.0669 0.0567 1.8090
. -2.508 0.689 -0.207 1.025
Viedium Big ®) | 615y | (4.575)" 0.2545 0.2464 2.4460 0.172) @.776)" 0.4207 0.4144 25775
(M) Small | -4.342 0.701 25510 0.625
©) (-2.825)* (3.619)* 0.0762 0.0662 2.2762 (-1.492) (3.079)* 0.1881 0.1793 2.0497
. -2.516 0.719 -3.107 0.719
Big B) | (505 | (4.564)" 0.2473 0.2391 2.3235 (2,005 | (5357)" 0.1819 0.1731 1.7726
High (H)
Small -1.719 0.667 -1.257 0.643
©) (1.234) (5.015)* 0.1673 0.1583 2.0891 (:0.402) @o1mye | 00527 0.0424 2.0114
Panel B: Liquid firms
. -2.188 0.855 1.796 1.303
Big (B) (-2.508)* (5.626)* 0.2689 0.2610 2.0833 (1.027) (4.293)* 0.3433 0.3362 2.0887
Low (L)
Small -5.069 0.515 -0.674 0.925
©) 3664y | (3.775)" 0.1126 0.1030 2.2294 (0.813) (©.941)* 0.3495 0.3424 2.3799
. -3.264 0.602 -0.714 0.783
Viedium Big (B) (-4.404)* (7.378)* 0.1586 0.1495 2.2353 (-0.559) (3.890)* 0.2536 0.2455 2.1624
™) Small | -4.314 0510 -1.268 0.808
©) (-1.913) (2.442)% 0.0584 0.0482 1.9994 (-1.547) (4.571)* 0.3455 0.3384 2.0446
. -2.586 0.703 -3.226 0.487
Big (B) (2101 | (2.948)" 0.1598 0.1506 1.7311 (2.033* | (3.306)" 0.0825 0.0726 2.0263
High (H)
Small -4.087 0.593 -2.441 0.704
©) (-3.960)* (3.673)* 0.1788 0.1699 1.9409 (-1.037) (2.972)* 0.0935 0.0837 2.2108

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C5 REGRESSION RESULTS FOR THE MOMENTUM-AUGMENTED FAMA-FRENCH
MODEL (FOR PORTFOLIOS THAT TAKE ACCOUNT OF LIQUIDITY)

A momentum-and-augmented Fama-French model was run on portfolios set up according to
the five liquidity variables: the bid-ask spread, turnover, the Amihud price impact measure
and the two zeros measures, namely zerosl and zeros2. The size, value and momentum
variables are as in Appendix C.4. The following regression was run on these portfolios (i.e.
according to equation 3.6):

Tt = @ + BimVme + SjsupSMBy + hjym  HMLy + gjoup GMP, + 17,

As can be seen, this model is identical to that in Appendix C.3. The aim of performing this
regression again was to compare it to the results of equation 3.6 that were obtained earlier.
The difference between these two regression analyses is the way in which the portfolios
were set up. The portfolios from the earlier regression analysis were set up according to
different size, value and momentum variables, whilst in this analysis the portfolios were set
up according to five different liquidity variables, while the size, value and momentum
variables were held constant (namely EY, MVLOG and MOM3). Therefore these results are
compared to the results found in Table C.3.1. If liquidity is indeed an influencing factor, then

we would expect the significance of the factors to differ from those obtained earlier.

The results for the different portfolios are presented below.



C.5.1 BID-ASK SPREAD

Table C.5.1 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the bid-ask spread as a proxy for liquidity, the earnings yield (EY) as a proxy for the
value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up
according to the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjn, Sjsms, hjpme and gieme
represent the coefficients of the market return, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated
using Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value size % Bin Siwo iy Gowe R | pubin Bin Siwo By dowe R® R | b
Panel A: llliquid firms

o | S | G |0 | Sy [0 [omn [omm |Gty |5 | S | |y [0 [owrs | oo
Low (L)
Y e A5 | Gy | B | S | S o | onn [ | e |6 | S | S |Gy | o | e | 2
vegium | 20 ® i-li.zfga) ?i?é’fg)* E?i.127835) ?i.275:3) igi?eze)* 0.3837 0.3560 24054 i?dﬁozg) ?5'?53?2)* E?i.225201) ?i.276§4) ?(5:.[;126) 0.4416 04165 26115
O e | | Bl |0 |0 | i |oms oome | aen | | S |E | S | |owe |ons | o

Big (B) i-lif175340) ?6?3350)* fb%ﬁ) ?i.394762) fﬁff(?Z)* 0.3483 | 0.3190 | 2.2480 E-lé?f;sy* ?éi31177)* fi.lgfz) ?é?;fs)* &?50) 04574 | 04330 | 22188
High (H)
’ Small () i-zé.?2£3178)* ?A.ngl)* ?2?5110)* ?éi;zggs)* fz'éssagg)** 0.4150 0.3887 23266 i-zz'flzélglzt)** ?::3.576834)* ?1.331592) (()3'1.5;169)* ?i.387633) 03039 02726 1.9998
Panel B: Liquid firms

0o | | e | B | ity |Gy oo [ o |2y | Wl | S | By | Gt [ [ o0 |20
Low (L)
O [ | B | e | | S |5y o o e | S | S |8 | S |Gy o |0 | e
g | BO® | ey | (oaery | cocon | (lewe) | (hemne | 032 | 03053 | 20009 | 0. | (DL | G2y | 2o | (ave | 04969 | 04788 | 157
O e | 2 B | o | Sy | e |on e | a2 | O |00y | O |Gy | oo |oums | o

0o | i | Dk | S | G | iy o [ommo oo | A |0 |G | 0 | Wiy |0 |awe | zse
High (H)
O e | | | |G | 0w o | ae | B | o | | Sy |G |0 |omm | o

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

STT



C.b5.2

TURNOVER

Table C.5

2

Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to turnover as a proxy for liquidity, the earnings yield (EY) as a proxy for the value
effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to
the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjm, Sisvs, hjsme and gjewe represent
the coefficients of the market return, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using
Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value size % Bin Siwo iy Gowe R | pubin Bin Siwo By dowe R® R | ubin
Panel A: llliquid firms

soe | 5% [0 |5 [ o |3 [osm [omm [amss [ [osm. [om, [amn 6% [owa [oms [as
Low (L)
T [ [ (om [ (g [0 [oms [ome (s |uefome Towe Towe e Toi [ous | 2sem
vegum | B9® | (2lsoy | (s | codbly | (Lote) | (asrey | 0360 |03y | 2ss0r | G| GO | Gty | (oas) | (san | 0481 | 04577 | 24532
Vo e | e | 0e (B |2 &% o [ome [asn [ o [hm (W, (G5 [own [owa [iem

0@ | 5y |G | S | B | G [ovee |oms |2 |2 oo |05 [0 [0, [owme [owmn [2ae
High (H)
T (e [ o, Tom (i, (e Town [ome [aam |z [om Tom Toms Toom ™ Toms [owo | o
Panel B: Liquid firms

ase | 5 W | | |G [ome [ome [aee g [omm (0w [am [ [osm [oms |2
Low (L)
b Small () i-zéflfgg)* ?5?73(?7)* ?il.ls?s?g) i?é§3(3214)** :3946013)* 03021 02708 23900 fd(.)olzgza) ?1'3?4175)* (()3'?71579)* fi.sggz) ?2'?474?0)** 05353 05144 22312
egum | B9® | o | Gy | (isw) | (oasny | caziey | 0378|035 2ast | B 1T | sy | Goon | ©see | 0428 | oars | 2aas
Y e |0 |0 |5 (B (5% o [oms [wen o, 0w, (035 W [0 [oan [oms [ea

soe | o |0 [ S [am | o [ome [omo [aew gz [, [agn [0, [0 [oew [oear [
High (H)
U Lo | (o o oz, [0 [ome [omos oo | [ome Tome ™ Tume “Toss ™ Tove [ones | 2200

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.5.3 PRICE IMPACT

Table C.5.3 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the price impact measure as a proxy for liquidity, the earnings yield (EY) as a proxy
for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOMS3) as a proxy for the momentum effect. Regressions are run on portfolios set up
according to the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjm, Sjsms, hjpme and gieme
represent the coefficients of the market return, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated
using Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. — Durbin- — Durbin-
Value Size o Bim Sjsme i Oiemp R? R? Watson o Bim Sisme Njme Jiemp R? R? Watson
Panel A: llliquid firms
. -1.642 0.818 -0.353 -0.002 -0.282 -1.802 0.745 -0.414 0.128 0.336
Big (B) (1619) | (5.085* | (-1587) | (0.008) | (-1.364) | 03316 03016 26240 (2.003)* | (6.120)* | (2313 | (L223y+ | (2.375p+ | 04397 04145 243713
Low (L)
-2.503 0.721 0.271 -0.346 -1.063 -4.589 0.396 -0.136 -0.204 0.077
SmallS) | (1a60) | @575 | (1881 | (2473) | (331 | 0287 | 02494 | 18492 I (5ep0n | (2723 | (0.809) | (2.279) | (0.538) | 01284 | 00892 | 20316
. -1.952 0.740 -0.026 0.024 -0.469 1337 0.892 -0.421 0.056 0.200
wedivm | T2 & (2.043y+ | (5.888) | (-0.138) | (0.219) (-2.265y+ | 0-3233 02929 25392 (1311) | (4942 | (1.443) | (0.446) (1.234) 0.4549 0.4304 2.5694
(M) -2.859 0.853 0536 -0.086 -0.713 -2.650 0.597 0.454 0.115 -0.021
Small(S) | (3sgey | (5.205 | (2.324y% | (0.448) | (-2.495p | 02423 | 0.2082 25025 | Heear | (4228 | (2562 | (0.855) | (-0.126) | 02645 | 0.2314 | 18192
. 2297 0.731 -0.103 0.124 -0.409 2,752 0.719 -0.116 0.394 0.066
Big (B) (2608 | (5279 | (0559) | (1215) | (-1.gos) | 03985 | 08297 | 22495 1 (5o3gn | (5370 | (0.719) | (5.099) | (0.421) | 04377 | 04124 ) 22313
High (H)
2591 0.683 1.210 0.615 -0.699 2023 0.656 0.326 1.385 1.047
Small(S) | (go5a¢ | (6372 | (3.655¢ | (3243 | (-2.623y | 04082 03816 26898 (1271) | 3742+ | (0.707) (1.980)* | (1.462) 0.3588 03300 21166
Panel B: Liquid firms
. 0621 0.915 20179 -0.154 -0.550 -2.027 0.676 0279 -0.345 0.216
Big (B) (0588) | (5.913 | (0.822) | (1.070) | (-2.23ap+ | 03931 0.3658 22488 (1.979) | G601 | (1.153) | (1.961) | (1.528) 0.3594 0.3307 2.0675
Low (L)
2736 0.727 0.122 -0.282 -1.043 -0.400 0.962 0.191 -0.169 0.058
Small(S) | (gag1y | (7.483¢ | (0.980) | (1772) | (3798 | 03910 | 03637 | 22458 | (o4gs) | (@574 | (1879) | (Lo12) | (0.361) | 04251 | 03993 ) 22561
. -1.997 0.822 -0.043 -0.061 -0.452 3019 0.836 -0.130 0.020 0.109
vedium | 29 ® (2795¢ | (7147 | (0.223) | (0.261) | (-1556) | 2718 0.2391 2.3347 (3640 | (6754 | (0.863) | (0.240) (0.647) 0.4380 04128 1.8813
™ -1.455 0.814 1514 0.776 -0.425 -0.390 0.948 0.352 0.025 -0.151
Small(S) | (1186) | (3.694¢ | (2192 | (L.965) (-2.440p | 04575 04331 2.0746 (0302) | @016y | (1.733) (0.265) (0.989) | 03611 0.3324 23397
‘ -2.087 0.469 -2.823 2174 -2.843 -2.626 0.849 0772 0612 0.865
Big (B) (1565 | (2.651)* | (4565 | (4061 | (4335~ | 0762 07515 23999 (1734) | (@435 | (2208« | 2039y | .47y~ | 04528 0.4282 21140
High (H)
-1.418 0.918 0.214 0.189 -0.266 0535 0.935 1.288 1.044 -0.013
Small(S) | (1642 | (a850¢ | (0.775) | (L582) (1509) | 04064 03797 1.8649 (0368) | (3372 | (1.564) @182~ | (0.0a0) | 04038 03770 21373

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

LTT



C54 ZEROS1

Table C.5.4 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the zeros1 measure as a proxy for liquidity, the earnings yield (EY) as a proxy for the
value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up
according to the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjn, Sjsms, hjpme and gieme
represent the coefficients of the market return, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated
using Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value size % Bin Siwo iy Gowe R | pubin Bin Siwo By dowe R® C
Panel A: llliquid firms

oo |y | W |G | O | S oo [oem |oom |5 |0l | S8 | 6% |Gl o [ |oan
Low (L)
T e | Sy | | Wy |G | Gy o o | | G | S | S | Gy |Gy | om | oma | 1o
Medium Big (B) i-lz'.SZgg)** ?5.747:’7)* i?é§24473)* ?5.33?:16)* fs??zos)* 0.4087 03821 25871 fd?glzm ?5'?45525)* i?éé.lseef)g)** ?6923:)1) ?6?3?203) 0.4605 04363 25849
R R A3 v B A I - s R R X i M A B - A R R Y T

o | A |Gy | Sy | S | G o [ | | AR |Gy |G | 6y | 8 |oww |ome | e
High (H)
T e [ [, (o oz (o [ome [ome e [0 [nm o fom [am Tost Towe s [ 2o
Panel B: Liquid firms

o | B | S | Sy | | S o0 [oome [emn | |0 | S | Sy | G [ o |0 |
Low (1)
b small (S) fff%)* ?4.59757)* ?6(.)15532) i?i.211£?e) fz'.g;ga)* 0.2830 | 0.2507 | 2.2654 fi?;ll) ?6.878839)* ((36.282:5) fil.sgzzt?g) ?i.zfelm 0.3880 | 0.3605 | 2.1781
egum | B9® | Cissy | @aser | coson | oz | casaee | 0378 | 030r | 2zez | GGG OT. | SOsr | (eos | cesy | 0376 |03 | 23538
O Lo | | Sl | | S | |over |omn e | i |G | O | S | Ay |oem | omer | e

o | Gty |6y | O | B | By oo [ | omn | o |G | O |5 | G |0 |os | e
High (H)
M e | B | O | 0 | Sy | S o o | | Gy | Wy |Gy |G |60 |omw |oms | zem

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

8TT



C55 ZEROS?2

Table C.5.5 Regressions of excess stock returns on the excess market returns and the mimicking returns for size, value and momentum

The table reports the regression results for the momentum-augmented Fama-French model for portfolios set up according to the zeros2 measure as a proxy for liquidity, the earnings yield (EY) as a proxy for the
value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up
according to the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjn, Sjsms, hjpme and gieme
represent the coefficients of the market return, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated
using Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
. — Durbin- — Durbin-
Value Size o Bim Sjsme i Oiemp R? R? Watson o Bim Sisme Njme Jiemp R? R? Watson
Panel A: llliquid firms
. 1373 0.805 -0.302 -0.201 -0.325 -1.755 0.756 -0.455 -0.100 0.357
Big (B) (1269) | (5.231)* | (1443) | (0.840) | (1.413) | 03108 02795 26558 (2.058) | (7.360)* | (2485 | (0.682) | (2541 | 04934 04289 23808
Low (L)
-0.408 0.850 0.693 0544 -1.443 -3.625 0.510 1.340 -1.066 1.088
Small(S) | (o205 | aa16) | 2673¢ | (1o75) | (3176 | 04006 0.3736 1.9069 (L711) | @1.953) (1.856) (2509 | (2.681)x | 02889 0.2569 17982
. -2.062 0.715 -0.295 0.102 -0.376 -0.937 0.937 -0.424 -0.099 0.115
wedivm | T2 & (2387 | (5322 | (-1109) | (0.669) | (-2.246) | 02960 | 02644 | 24093 | 479 | (5100 | (2102 | (0.610) | (0.668) | 04608 | 04365 | 25894
M) -1.938 0.904 0.488 0.029 -1.077 -2.022 0.689 0.456 0.025 0.003
Small(S) | (1269) | (3358 | (1632) | (0.098) | (2540 | 01935 | 01573 22852 | Liann | 3627 | (Los7y+ | (0.197) | (0o14) | 02320 | 01975 | 21827
. -1.869 0.766 -0.331 0177 0472 -3.081 0.771 -0.474 0.714 0.093
Big (B) (2027 | (5.929 | (-1.388) | (1.006) (2790 | 03029 02715 2.3268 (2.089)* | (5.838) | (-2.108)* | (2.247y* | (0.333) 0.3533 0.3242 1.8911
High (H)
0.724 0.774 -0.143 0.411 -0.434 -0.508 0.866 0.790 1139 0.658
Small(S) | (0442) | (@727 | (0.400) | (2.338y* | (-2.042) | 02235 0.1886 1.9962 (0.184) | (2637 | (1.189) (2.014* | (1.165) 02621 02289 2.0736
Panel B: Liquid firms
. -2.165 0.799 -0.873 -0.061 -0.564 -0.356 1.044 0736 0579 0.486
Big (B) (2745% | 6976 | (3134 | (0.439) | (3608 | 04182 0.3921 1.8165 (0297) | 7160y | (2612 | (-2.102)% | (1.817) 0.4647 0.4406 2.0787
Low (L)
-4.246 0547 0.015 -0.253 -0.602 1471 0.837 0.255 -0.430 0.375
Small(S) | (3714 | (4046 | (0.090) (1564) | (2.063 | 02290 01943 23096 (1.789) | (7.014¢ | (1671 (2.427 | (1.696) 0.4122 0.3858 22034
. -1.699 0.709 -0.009 -0.038 -0.927 -1.909 0.680 -0.796 0.260 0.356
vedium | 29 ® (2101 | 8743 | (0.043) | (0207) | (:3.180) | 03442 03148 22099 (1850) | (4.696) | (3.916)¢ | (2.261y+ | (1.471) | 94436 0.4186 2.2369
™ -2.076 0.820 1.327 0.673 0133 -1.073 0.838 0.044 0.125 -0.018
Small(S) | (1530) | (a185¢ | (1.610) | (1820) | (-0.a00) | 03217 02913 2.0822 (11400 | (4282 | (0218 | (09o14) | (o.0sg) | 03520 03229 21523
‘ -1.351 0.818 -0.471 0.498 -0.718 -3.699 0.493 -0.502 0.632 0.319
Big (B) (0801 | (2855 | (1483) | (1437) | (1712) | 02659 02329 1.8332 (2955 | (3464 | (1853) | @317y~ | (Leez) | 02669 02340 22629
High (H)
-2.344 0.787 0.234 0512 -0.585 -1.822 0.872 0.834 0.684 0511
Small(S) | (Heo2 | (5.240 | (1.335) @067y | (2555 | 0-3400 03104 22627 (1508) | @719 | (0.918) (1.677) (1.584) 0.2524 0.2188 23436

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.6 REGRESSION RESULTS FOR THE LIQUIDITY-AUGMENTED STANDARD
CAPM

A standard CAPM model, augmented for liquidity, was run on portfolios set up according to
their levels of liquidity as well as size, value and momentum variables. Equation 3.6 provides
a mathematical description of this particular model:

Tjt = 0(] + Bjmrmt + ijIMVIMVt + u]'t

The size, value and momentum variables are as in Appendix C.4. These three measures
were applied together with the various liquidity measures to determine their significance in
setting up portfolios and hence generating excess returns. This was done by running
regressions on the various portfolios. The aim of this regression was to compare it to the
results from equation 3.5 in order to determine if the added liquidity variable has any
predictive power. The results of the standard CAPM regressions, augmented for liquidity,

(i.e. equation 3.7) are presented below.



C.6.1 BID-ASK-SPREAD

Table C.6.1 Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity

The table reports the regression results for the liquidity-augmented standard CAPM for portfolios set up according to the bid-ask spread as a proxy for liquidity, the earnings yield (EY) as a proxy for the value
effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to
the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (c)) represents the average risk-adjusted return, while fj, and iw represent the coefficients
of the market return and liquidity factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In
addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
Value Size 0 Bim ijimv R? R? a/u;g Qn a; Bim iy R? R? \[/)vl;rggn
Panel A: llliquid firms
Big (B) i-12-.7(:-748)** ?5'?23222)* ?3'?3?131)* 0.3819 0.3683 2.4656 &?91338) ?5'?;35)* ?3"_715(?6)* 0.4722 0.4606 2.2811
Low (L)
™ Small (S) i-zz'?92579)* ?4_7(?277)* ?iéf?&) 0.1782 0.1601 1.9596 fé_lBBZO)* ?7'?519)* ?2%24386)** 0.2653 0.2491 2.1435
Big (B) £_23'_7§§3)* ?fgg’ﬁ)i ?3",119925)* 0.3215 0.3066 2.3581 fafé’e) ?3'?9858)* ?2'_55(?1)* 0.4626 0.4508 2.5099
Medium (M)
o Small (S) i_zfg’gg) ?fgfs)* (11,187107) 0.3587 0.3446 17190 E-ZZIL.768(;LS) ?2'%38)** ?1'_76553) 0.1745 0.1563 1.9692
Big (B) ffffz)* ?é(.s(?;e)* ?3'?:271)* 0.3264 03116 2.0888 E_Zz'fgfa)* ?775’77 - ?5’21764)* 0.4173 0.4045 1.9611
High (H)
N Small (S) i?é?$553)* ?é.3(51221)** ?6(.)02315) 0.0356 0.0144 23754 (22787 423)* ((33'%135’2)* ?3'?78566)* 0.2421 0.2255 1.9805
Panel B: Liquid firms
Big (B) i_32'_598747)* ?2'_595075)* ff’ffe) 0.1818 0.1638 2.1034 E-liflaozae) ?7?2538)* E?z'?;;e)** 03713 0.3575 1.9117
Low (L)
OW small (S) le'.270787)* ?f10700)* i?i?(?g“s) 0.1678 0.1495 2.1348 ?6_774594) (17'976965)* fii)%) 0.2900 0.2744 2.3893
Big (B) fé_l:;l)* ?&2;5)* E?6.270031) 0.2031 0.1856 2.0435 E-Zé?;(())l)* ((36.75:5)* fé_zgz)** 0.4955 0.4844 1.6656
Medium (M)
o Small (S) :‘2'_997768)* ?z'flggg)* i-li.zs?f?m 0.1509 0.1323 2.1930 &_11'_1;(?4) 2)6.77850)* &?6_192659) 0.3326 0.3179 2.0590
Big (B) Zli-l88877)* ?f;fl) if’(')?fgee) 0.0420 0.0210 21007 fgffo) (13;?5118)* fb?s%) 0.2624 0.2462 21111
High (H)
’ Small (S) E_zé.sggzg)* ?6.7?713)* ?fg;s)* 0.4234 0.4108 1.4868 fff;e) ?3'%79)* fdi?osg) 0.1338 0.1148 2.1850

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

Tt



C.6.2 TURNOV

ER

Table C.6.2

The table reports the regression results for the liquidity-augmented standard CAPM for portfolios set up according to turnover as a proxy for liquidity, the earnings yield (EY) as a proxy for the value effect, the log
of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the intersection
of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while B;» and ijmv represent the coefficients of the market
return and liquidity factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In addition, the table

also reports the R?, the adjusted R? (RZ) and the Durbin-Watson statistic.

Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity

Momentum
Poor (P) Good (G)
. . = Durbin- . = Durbin-
Value Size 9 Bim fjmv R R? Watson 9% Bim limv R R? Watson
Panel A: llliquid firms
. -1.480 0.908 0.337 -0.914 0.813 0.220
Big (B) (1.684) (6.462)* (1.924) 0.3543 0.3402 2.5210 (-0.917) (5.916)* (0.962) 0.3198 0.3049 2.4381
Low (L)
-3.597 0.599 0.456 -2.989 0.554 0.503
Small (S) (4.639)* (4.232) (1.766) 0.2351 0.2183 1.7420 (2.496)* (4013 @725 0.1281 0.1089 2.1907
. -2.582 0.657 0.239 -0.203 1.024 0.040
Big (B) (2.772)" (4.478)* (1.315) 0.2243 0.2073 2.4718 (-0.165) (4.506)* (0.224) 0.4074 0.3944 2.5650
Medium (M)
-4.908 0.610 0.955 -2.673 0.821 0.132
Small (S) (3.921)* (4.533) (1.915) 0.1257 0.1064 2.4910 (3.142)* (5.919) 0.732) 0.4585 0.4466 1.8779
. -2.233 0.757 0.232 -3.154 0.691 -0.001
Big (B) (2.354y (5.343) (1.183) 0.2579 0.2416 2.2302 (3.201)* (6.103) (-0.011) 0.3114 0.2962 1.9531
High (H)
-3.552 0.521 1.039 -3.542 0.406 0.047
Small (S) (2.662)* (3.000)* (2.163)* 0.1138 0.0944 2.1992 (-3.200)* (4.008)* (0.218) 0.1038 0.0841 1.8004
Panel B: Liquid firms
. -1.995 0.717 0.118 -0.241 0.979 -0.239
Big (B) (2,564 (5.148)* 0.729) 0.2387 0.2220 2.7134 (-0.244) (7.710* (-1.485) 0.4497 0.4376 2.2684
Low (L)
-5.720 0.470 -0.689 -0.302 0.927 -0.495
Small (S) (2.804)* (2.346) (-1.233) 0.1276 0.1084 2.2097 (-0.357) (9.743) (-3.133)* 0.4349 0.4225 2.2101
) -3.204 0.665 -0.411 -2.070 0.866 -0.520
Big (B) (3.824)* (6.909)* (-1.428) 0.2774 0.2615 2.2698 (2.320) (5.901)* (:2.533)" 0.4543 0.4423 2.2699
Medium (M)
-6.320 0.237 -2.017 -1.797 0.722 -0.528
Small (S) (2273 (0.738) (1.628) 0.3269 0.3121 2.1480 (1.369) (2.896)* (-1.854) 0.2752 0.2593 1.9460
. -3.892 0.409 -0.123 1.186 1.200 -0.442
Big (B) (3.301) (3.225) (-0.860) 0.1009 0.0812 2.5150 0.877) (6.682)* (:2.482)* 0.4782 0.4668 2.2732
High (H)
-3.278 0.751 -0.430 -4.192 0.417 -2.026
Small (S) (-4.384)" (4.700)* (-1.942) 0.3243 0.3095 1.9048 (-1.525) (1.275) (1.564) 0.3179 0.3029 2.4034

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.6.3 PRICE IMPACT

Table C.6.3

The table reports the regression results for the liquidity-augmented standard CAPM for portfolios set up according to the price impact measure as a proxy for liquidity, the earnings yield (EY) as a proxy for the
value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up
according to the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjm and i represent the
coefficients of the market return and liquidity factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six

lags. In addition, the table also reports the R?, the adjusted R? (RZ) and the Durbin-Watson statistic.

Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity

Momentum
Poor (P) Good (G)
Value Size 0 Bim ijimv R? R? a/u;g Qn a; Bim iy R? R? \[/)vl;rggn
Panel A: llliquid firms
Big (B) fd7964?7) ?6?23742)* ?2'?70:4)* 0.3581 0.3440 2.6036 E?d.zzlfS) ?6?7131)* ?2'_305157)** 0.4033 0.3902 2.3709
Low (L)
™ Small (S) :11".198234) ?2'_5;221)* ?6(.)0122) 0.0827 0.0625 1.8278 f’fégo)* ?3'?70;’7)* ?2'_5(?;9)** 0.1574 0.1388 1.9271
Big (B) i-zz'.zfgoy* ?5'_711789)* ?i,lzge?s) 0.2633 0.2471 2.4400 E%%LfS) (1495853)* ?1'.256237) 0.4296 04171 2.5700
Medium (M)
o Small (S) lei.112273)* ?5'_75:3)* ?é.74164166)** 0.2153 0.1980 2.3651 f’;ffl)* ?3'.5513?2)* ?1'_125328) 0.1945 0.1768 15929
Big (B) i-zz".173548)* ?5_7225‘4)* ?6.192(?0) 0.2868 0.2711 21403 E?é.l;ga)** ?é?gsg)* ?6.17?5) 0.3445 0.3301 2.0049
High (H)
N Small (S) fs'éf(;)* ?1'_356931) ?6(.)f()34) 0.0359 0.0147 22887 ?fffl) ((32'?3%127)** (11'?14?4?2) 0.1845 0.1666 1.8351
Panel B: Liquid firms
Big (B) ;.11'_12052) ?5?1988)* 2?6?79141) 03135 0.2984 2.4074 E-liézlfs) ?47525’5)* E?l'-ZZGP?l) 0.2824 0.2667 1.8839
Low (L)
OW small (S) 33'?47201)* ?3'_53197 " i?i.594511) 01923 0.1746 2.1167 E-li.lfe%) (()é?gola)* E?fggl) 0.4492 0.4370 2.1699
Big (B) i-zé_?s)l751)* ?5.7535227)* E?6.2§1527) 0.2381 0.2213 2.3948 2_2;1‘1'296)* (()7'%;:795)* fi.lc?E?S) 0.4361 0.4237 1.8877
Medium (M)
o Small (S) fz'f'ffl)** ?1'?’;328) fi?;sll) 0.1545 0.1359 2.1683 &_11'%5225) ?4?12178)* &?1'_274753) 0.3452 0.3308 2.1195
Big (B) E-ld?77631) ?if‘fgo) i_31'934;4) 0.2422 0.2256 2.6404 ?695161) (13;?79;7)* fd?fgg) 0.2657 0.2496 21717
High (H)
’ Small () E_zz'f’99284)* ?5?1456)* :)(591255) 0.3544 0.3403 1.6784 (31525625) ?i.5§1122) (11121967) 0.1857 0.1678 2.3524

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

e€ct



C.6.4 ZEROS1

Table C.6.4 Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity

The table reports the regression results for the liquidity-augmented standard CAPM for portfolios set up according to the zeros1 measure as a proxy for liquidity, the earnings yield (EY) as a proxy for the value
effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to
the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (a)) represents the average risk-adjusted return, while fj, and iw represent the coefficients
of the market return and liquidity factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In
addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
Value Size 0 Bim ijimv R? R? a/u;g Qn a; Bim iy R? R? \[/)vl;rggn
Panel A: llliquid firms
Big (B) i-lé?lg"123)** ?4?71254)* ?3'?;;0)* 0.3785 0.3648 25896 E%.777596) ?6?16154)* ?2'_33?116)” 0.4048 0.3918 2.2025
Low (L)
" e T - N I e P e T
Big (B) ('_g'_ggg)* ?fg;’a)* ?i.lse?O) 0.2632 0.2470 2.4293 85%32336) (14950??3)* ?1'_2()2;3) 0.4345 0.4220 25468
Medium (M)
o Small (S) 33'?82895)* ?sfr’gzgl)* ?2'%24)* 0.1481 0.1293 23299 f’é?ggoy* ?2-592:4)* ?1'_203271) 0.1736 0.1554 1.9158
Big (B) fz'_sgozs)** ?4_761762)* ?6.19?51) 0.2639 0.2478 2.2541 E_Zz'f‘;fo)** ?é.786014)* ?1'_221278) 0.3439 0.3295 1.9812
High (H)
N Small (S) i-34.258170)* ?6.5932?5)* ?é?58738)** 0.2368 0.2200 21607 E—16.754656) ((32'%29)** (21'_351130) 0.2788 0.2629 1.6856
Panel B: Liquid firms
Big (B) i-z;-lgf%)** ?4_7889?6)* fi.lozs?s) 0.2062 0.2808 18115 E?d?c;lzlz) (13'?351)* E?l'-aE?JZ) 0.2786 0.2628 2.0377
Low (L)
™ Small (S) ;53.-291356)* ?;4?547)* fi,z;glo) 0.0946 0.0747 21412 ?&2;0) ?é?§§4)* E?z'.?szsy* 0.4269 04143 2.3769
Big (B) ;_23'_75159)* ?7'?577038)* fi.l(?ﬁzﬂ 0.1854 0.1675 2.2247 f(ﬂ;g) ?2?5351)* E?z'flgola)** 0.2581 0.2418 2.2770
Medium (M)
o Small (S) E-Sz'?ssegzy* ?3'_562550)* i-li.138287) 0.2260 0.2089 2.2041 i-zs'éga)* ?4?78593)* &?1'_143292) 0.3243 0.3095 1.9919
Big (B) ffggs)ﬂ ?i-667326)* i?c').163737) 0.1508 0.1321 1.7159 fi?fgo) ?3;?21520)* é’fggg) 0.1025 0.0828 2.0471
High (H)
’ Small (S) Efz_l(f&)* ?3'?(?175)* fiﬁ?g) 01788 0.1608 2.0491 i_ll‘?f:l) ?4?25“?4)* (11127979) 0.2359 02101 2.4121

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

144"



C.6.5 ZEROS2

Table C.6.5 Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity

The table reports the regression results for the liquidity-augmented standard CAPM for portfolios set up according to the zeros2 measure as a proxy for liquidity, the earnings yield (EY) as a proxy for the value
effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to
the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (a)) represents the average risk-adjusted return, while fj, and iw represent the coefficients
of the market return and liquidity factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard errors with six lags. In
addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
Value Size 0 Bim ijimv R? R? a/u;g Qn a; Bim iy R? R? \[/)vl;rggn
Panel A: llliquid firms
Big (B) i_llfr’f’fg) ?4?73;6)* ?3'?()3’514)* 0.3749 0.3612 2.6095 £?6?63333) ?6?47570)* ?1'_2?136) 0.3884 0.3749 2.3410
Low (L)
’ Small (S) fi?;a) ?fgozl)* ?i%SZS) 0.1493 0.1306 1.8278 E-Zi.alogl) ?3'6?53)* ?1'?;337) 0.1394 0.1205 1.8481
Big (B) (22573137) ?fe?f?oy ?i.101953) 0.2585 0.2422 2.4521 Ef’d_zl“&) (149525‘5)* ?(5.197(?6) 0.4278 0.4152 25367
Medium (M)
o Small (S) 33-?183)* ?fg;)* (13'?’745’0)* 0.2331 0.2163 21915 E-zi.5g370) ?3?12941)* ?1'_310837) 0.2129 0.1956 2.0523
Big (B) i-zz'.554§3)** ?4_76130)* ?d.lggs) 0.2525 0.2361 2.3104 fz'_lgéa)** ?5',.721189)* ?i.211371) 0.1912 0.1735 1.7270
High (H)
N Small (S) i-liiulgg) ?5?56756)* ?i‘.lngs) 02110 0.1937 20843 E-ldéggs) ((32'§53670)** (11'13;) 0.2207 0.2036 1.7401
Panel B: Liquid firms
Big (B) i.zz'.lazslsy* ?5?75264)* fij”?g " 0.2884 0.2728 2.0688 (11'?03;’9) (14%14)* fd_lgg) 0.3469 03325 2.0978
Low (L)
OW small (S) fé?sofg)* ?3'_581268)* ffj 429) 0.1302 0.1111 2.1644 £?6?78265) (()ig.2179 - fiég;l) 0.3863 03728 2.3168
Big (B) i-34_350271)* ?7'2?013)* ?6.19)9268) 0.1680 0.1497 2.2483 fdi?&) ?;58651)* E?z'?g:a)* 0.3276 0.3128 2.3048
Medium (M)
o Small (S) :12'927517)** ?2'_591249)* E—li.ls?;) 0.2122 0.1949 2.1006 :ifle?;g) ?4?50;’9)* %?2'.313057)** 0.3787 0.3651 2.0744
Big (B) E-zé?02184)** ?ngg)* if’i?féz) 01722 0.1540 17484 figgm ?é?fs)* fd?sasz‘lg) 0.0951 0.0752 2.0575
High (H)
’ Small (S) é?s;zz()l)* ?3'%’257)* fi.sfozg) 0.2048 0.1873 1.9477 i-zi.15578) ?3'?5595)* :i.145038) 0.2340 0.2171 2.3841

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

1A
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C.7 REGRESSION RESULTS FOR THE LIQUIDITY-AND-MOMENTUM-AUGMENTED
FAMA-FRENCH MODEL

A liquidity-and-momentum-augmented Fama-French model was run on portfolios set up
according to the various liquidity variables, as well as fixed variables for the size, value and
momentum effects. The following regression was run on these portfolios (i.e. according to
equation 3.8):

rjt = aj + IBJmet + SjSMBSMBt + h]HMLHMLt + ngMPGMPt + ijIMVIMVt + th

The size, value and momentum variables are as in Appendix C.4. These three measures
were applied together with the various liquidity measures to determine their significance in
setting up portfolios and hence generating excess returns. This was done by running
regressions on the various portfolios. The aim of this regression was to compare it to the
results from equation 3.6 in order to determine if the added liquidity variable has any

predictive power. The results for the different portfolios are presented below.



C71 BID-ASK SPREAD

Table C.7.1 Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity, size, value and momentum

The table reports the regression results for the liquidity-and-momentum-augmented Fama-French model for portfolios set up according to the bid-ask spread as a proxy for liquidity, the earnings yield (EY) as a proxy for the
value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the
intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept () represents the average risk-adjusted return, while Bjn, iimv, Sisve, hjsme @and gieme represent the coefficients of
the market return, liquidity factor, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using Newey-West standard
errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
value Size | o Bim Sisvis P Giowp ijnav R R? \[/)VLjartbslgn q Bim Siswe Py Giowp fjnay R RZ @ﬂg{,‘n
Panel A: llliquid firms
s (E!Eisg)>J fd?fz?’a) ?5?5132)* fi?e?gz) ?69(?029) ff??;l)* ?13.701566)* 04614 | 04308 | 2.3860 i—li.253503) 36?82;;7)* fi?fsls) ?2'.326510)** ?i.25967) ??;.756831)* 05347 | 0.5083 | 2.3054
ow

@ | Gleey |azery | @rsry | (hasty | (zozr | @orye | 0404 | 0se1s | 2oao | SRS | G | @asoy | (1509 | (oo | @aseye | 03193 | 02806 | zorn
veium | ® | ooy | Gsey | Cosee | (sa | cosmy | (parae | 04228 | o305 | 23ras | GG, G| G7a | (owy | 7o) | (i | 04893 | 0dc0s | 2538
(M)

O | (orz | Gadty | (i3 | (roey | coaroy | (pssaye | 04857 | oasea | vsmst | ARR ) GICon | a0y | (is1) | (oze) | (Leoey | 02104 | 0165 | 19810
e o |0 | [ [ o | | [ | A | | |y o o |
ig

(Ssr;]aII i-zé?sazgg)* ?4.52?056)* ?é?75172)* ?é?sff@* i?é§75138)* ?6(.)16674) 04156 | 0.3824 | 2.3050 i—zé?30120)* ?3'?72293)* ?2'.339539)** ?3'?434?5)* ?2".1{1;1)** ?4.717512)* 0.4154 | 03822 | 19257
Panel B: Liquid firms
o, ® | oo | Gassy | cison | (izow) | (asize | cioesy | 03190 | 02793 | zossn | B | CON | (Gsan | (i720) | (2od0y | (oesa | 04580 | 04279 | 19523
ow

O | Gloyr | Grsoy | coatsy | crasy | cosary | ciresy | 030 | 0%z | 2307 | GEO | ey | sy | casser | @rour | (oses | 04408 | 04185 | 2334
veum | ® | (260r | 476y | Codoay | (7o | casewr | ciaty | 031 [ o3z 2oz | SRR GOLL | Sl | 740 | aese) | semy | 05185 | 0401 | 16760
(M)

@ | Gadoy | (aszoy | Gaser | Gory | (amsr | cozeye | 00TL | 057z | 2aese | OGS0 | GG | B0y | (san | (oton | cooan | 03582 | 03217 | 22404
) ® | ciasy | Goaey | (200 | ooty | (heser | cosan | 0378 | 0289 | 20sms | FRR | BR. | (Borey | 214z | (629 | or09) | 0432 | 03998 | 21765
ig

@ | azsty | Gamy | Gty | (azey | (iovy | @aczye | 04876 | 0esss | seor | (G5O | US| Gasme | Grae | (ot0n | iz | 0598 | 05094 | zowo

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level

LT



C.7.2 TURNOVER

Table C.7.2 Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity, size, value and momentum

The table reports the regression results for the liquidity-and-momentum-augmented Fama-French model for portfolios set up according to turnover as a proxy for liquidity, the earnings yield (EY) as a proxy for the value
effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the
intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjm, iimv, Sjsme, hjume and gjewe represent the
coefficients of the market return, liquidity factor, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using
Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

value Size | o Bim Sisvis P Giowp ijnav R R? \[/)VLjartbslgn q Bim Siswe Py Giowp fjnay R RZ @ﬂg{,‘n
Panel A: llliquid firms
- (E;Eisg)>J i-1i§71170) ?7‘?(;33?8)* i?é.?g??s)* E?6?13531) i?é.?ffg)* i?6902707) 0.5011 | 04728 | 23670 i-zé.lf73’0)** ?5'?3722)* ff:fs)* ?1'.2(?871) ?d.lfeoe) ?(5.155(558) 04260 | 0.3934 | 2.3350
ow

O | Gsony | Gloasy | (isos | ooty | corry | qoss | 000L | 04mi7 | 2070 | SR BRR | Gsos | coorsy | qos) | (arye | 02154 | 01708 | 21433
T [ | | | A [ (o (o [ | | B | O (O, |55 | Gy o |see | sem
(M)

O | Cibie) | Gorsy | Goes | 0304 | corssy | zotye | 0398 | oseoe | 2ssre | GRS LS. e | 673 | cosen | (oo | 04928 | 04638 | 19540
High () (BBi§l i-li(.ssllle) ?6?22378)* fé?c?szs)** ?2,671760)* fi‘_171074) ?1,201522) 0.3540 | 03173 | 2.2555 fle(fs,* ?5(_326262)* ff;én** ?4‘_35;7)* ?6.14133) ?6.172:8) 0.4739 | 0.4440 | 2.2288
ig

(Ssr;]aII fd.azofm ?fs?sﬁg)* ?ifl(f;a) (14.161824)* i?é?()l;l)* (1é.197()37)* 0.3920 | 0.3574 | 23051 i—2é§73389)* ?5..533:?8)* ?2".12852)** ?2'?1734?7)* ?6.1544?8) ?i.278583) 02457 | 0.2028 | 1.9842
Panel B: Liquid firms
. @ | Cior | Gaser | coseer | ciosn | caasyr | cossm | 088 [osus | 2eue | LGS G | by | cormy | comin | (sosye | 05628 | 0597 | 21371
ow

(Ssr;]aII i-32-.2(?§3)* ?ff?sln* ?i.zf4154) i?é?s;);)s)* i-lzi.agfoy i-lé.12‘151)** 0.3967 | 03625 | 2.4350 i?d.zzlgll) ?1'214)* ?é.?372()3)* E?i.sgsge) ?2'(.310252)** E?i.z26419) 05426 | 05166 | 2.2167
g | ® | CRooty | Garae | codone | (iate | (oeeoy | caday | 0461 | 0416 | 22210 | BEGL | GG | et | 07s2) | (00m) | cazapy | 04839 | 0454 | 21501
" O | %60 | Gosoy | Goro | Goary | coary | casomy | 0578L | osser | 22045 | (GRSL | RERL e | o | coosy | (iaeo | 039 | 02780 | 21737
. @ | s | Got | cameor | (o | cosor | caoney | 03457 |osoes | 2amea | SR GO | ke | Gowsy | 0are) | haveye | 0595 | osaor | 2321
ig

O | Gatry | Goosyr | ©o0s) | Gsa | coarye | cheoy | 04633 |oas2s | 2003 | BEE LGRS UT) | Gaoay | ©are) | (soasy | 04968 | 046ss | 24202

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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C.7.3 PRICE IMPACT

Table C.7.3 Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity, size, value and momentum

The table reports the regression results for the liquidity-and-momentum-augmented Fama-French model for portfolios set up according to the price impact measure as a proxy for liquidity, the earnings yield (EY) as a proxy
for the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to
the intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjm, ijmv, Sisme, hjuve and gieme represent the
coefficients of the market return, liquidity factor, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using
Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

value Size | o Bim Sisvis P Giowp ijnav R R? \[/)VLjartbslgn q Bim Siswe Py Giowp fjnay R RZ @ﬂg{,‘n
Panel A: llliquid firms
- (E!Eisg)>J fi?(;lala) ?5;.941839)* fii?ozm ?6.1132630) i?éé§f3)* ?3'?67507)* 04563 | 0.4254 | 2.4610 i-lil.l75297) 35_75529)* 2?2".107470)** ?i.15850) ?i.2§955) ?2%22:0)** 04774 | 0.4477 | 23184
ow

O | G2 | Gusor | Gesy | coaoy= | cosanr | ©ses | 02863 | 02457 | et | SEAL O | G269 | ciedny | come | (poseys | 01875 | 01413 | 1803
Medium (BEis(Sl i-li(.s627ls) ?6.73?;8)* fd?fga) ?6(.)5033) i?é.5553?1)* ?2".‘113?9)** 0.3609 | 0.3246 | 25048 i—li(.)ff& ?5'?3232)* fi‘.ﬂs) ?6.170749) ?6.172:1) ?i.353771) 04749 | 04450 | 2.5301
(M)

(Ssn)1a|| i-zz'?cgs)** ?4?86837)* ?2'?5479)* ?6(.)45(?9) fz'?gze,gn* (lé(.)e(s)778)* 0.3706 | 0.3348 | 23957 E—22'.553§7)** ?fslgs)* ?2".153726)** ?6.193(?2) fd?35535) ?d.lgfs) 02714 | 0.2300 | 1.8107
i () (Bsi? i-zz'?so(?e)** ?5.7&37&)19)* fd.l95160) ?i.147565) fz'fl58767)** ?2'?26329)** 0.3897 | 0.3551 | 22160 i_22'f178589)* ?5_7;259)* ;?1?554) ?5%;0)* fd(.)gzéle) ?fggz)* 04645 | 04341 | 21172
ig

(Ssr;]aII i-22'.362251)** ?5.7325;)6)* (13'.126319)* ?2'?927)* i?z'.?s?gs)* ?6.38234) 04210 | 03881 | 2.6505 i?d.sssgg) ?42.375639)* ?692653) 22..65;1:38)* ?1'(.316747) (13'.729512)* 05261 | 04991 | 1.8947
Panel B: Liquid firms
. @ | ooan | Gosy | oo | cLoan | osser | Gomy | 0% |ossen | 22e0 | BORL | L. | S0 | ety | Gare | (adtee | 040% | 03701 | 2100
ow

(Ssr;]aII i-sé?(?214)* ?7'?28335)* ?6.198817) fi.s53193) igi?15277)* fi‘.‘fezs) 04184 | 03854 | 22632 fi?szl) ?é.s(?g4)* ?2.24?:?8)** E?z'.zflsz)** ?1'.139(?6) E?2..686:8)* 05119 | 04841 | 2.0936
vegun | ® | Co7eey | Gasor | coson | (oo | (Ltoy | coassy | 0240 | 02337 | zasss | Bow | GERL | (G750 | coon | G | claoy | 0447 | 0413z | 18se2
(M)

O | G0 | Goay | Griyr | Goog | ciare | (sarye | 05418 | oswse | 2204 | GREL GRS GRn  | (oary | cosry | (ies | 03769 | 03415 | 23104
. (BEi;g)}J E-zé?17237)** ?i.351389)* E-zfgsos)* (24?41770)* i-zfgsse)* i.lz'?;o)* 0.7860 | 0.7738 | 2.3873 i-zi.?;szl) ?A§13739)* fz'.?asala)** ?i?gozg) ?é?:gn* i?(‘)‘lffg) 04546 | 0.4236 | 2.1137
ig

O | Gty | Gacor | G0 | Giwmy | cioen | ©sm | 040ss |osmee | 1emes | LUE | GO | ot | sy | Geso) | (azor | 04920 | 04e32 | 22078

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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Table C.7.4 Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity, size, value and momentum

The table reports the regression results for the liquidity-and-momentum-augmented Fama-French model for portfolios set up according to the zeros1 measure as a proxy for liquidity, the earnings yield (EY) as a proxy for
the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the
intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjm, immv, Sjsme, hjume and gjewe represent the
coefficients of the market return, liquidity factor, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using
Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)
value Size | o Bim Sisvis P Giowp ijnav R R? \I/DVL;rtbslgn q Bim Siswe Py Giowp fjnay R RZ @ﬂg{,‘n
Panel A: llliquid firms
- (E;Eisg)>J i-lé.?fagoy* ?5.7;078)* fiﬁ()lz) E?d?zeé)& fii?ze;a) ?2'.7373?9)** 0.4284 | 0.3959 | 25095 i-lé.7556314)** ?é?gfs)* 2?2'.524613)** ?6958569) ?i.zgfm ?:.Lfl70637) 04902 | 04613 | 2.3120
ow

& | Coway | Gy | Gory | cassey | Casany | Gacoy | 009n | osz | 2aee | EER | GO | Qoo | (otoper | Gaoe | Gass | 028 | 02168 | 1187
Medium @ | Cosmr | Griye | coatye | (hadoy | (oooty | (idom | 04180 | 03850 | 26047 | G| ECh | (pose | 016 | (0365 | (Looy | 04742 | 04443 | 25594
(M)

(Ssr;]aII i-zé.zfeslz)** ?4?()1205)* ?6.1;37()2) ?6.1;13?8) i-léflg()ZZ)* ?4.724079)* 03560 | 03194 | 2.2852 i-32'.123§8)** ??;?43874)* ?1'%963) ?69347955) i?d.l77951) ?6.2815?0) 02169 | 01724 | 1.9953
High (4 (BBi§l ooty | woony | oemy | oay | (arroy | beey | 0sees | ossis | 2azes | B2\ BES | OO0 | Oeey | ciate) | cisge | 05109 | 04831 | 21377
ig

(Ssr;]aII i-zs'.szggﬁ)* ?:50196)* i?z'.359200)** ?2.325256)* i?z'.S::S)** ?é.sg983)* 03358 | 02981 | 2.1311 i-ld.lztlgs) ?3'?327)* (()i.742506) (14.7f135)* (()1'?5133) (22'.197107)* 06154 | 05936 | 1.8618
Panel B: Liquid firms
o, ® | Coosay | Gorer | cavsry | oaan | (aawsy | coassy | 04084 | 03727 | aesos | HEL | BECL | GSeor | (2sse | (ose | (oeo | 04613 | 04307 | 21928
ow

(Ssr;]aII i-szi.?(;lgs)* ?5.5530)* ?6926234) i?i.211111) i?é?;312)* i?6.282457) 0.2027 | 02525 | 2.2534 i?6é56375) ?7'?1154)* ((31.2()77()4) E?s'?10724)* (()1'.234066) fé?gfl)* 04938 | 0.4650 ) 2.0604
Medium ® | cisor | Gamr | o) | ©o1y) | cormy | corem | 0380|030 | 2235 | ZTR ) ASCL | ST | Gesy | (ean | (aosye | 04001 | 03860 | 25060
(M)

O | (iam) | @eter | Gosa | Goooe | (Lase | (rasey | 0547 | osts | 22ses | BTG IREG. | 005y | (iobiy | (sevey | (iate | 0422¢ | 0389 | 22254
[ [ [ [ S | [ o [ |0 | | | | |0 o [om [
ig

O | Coooy | esr | (ams) | Goone | cessy | (oasey | 04007 | osess | 2216 | G90| GEEL | (%5 | (osy | (oe | (iezy | 04030 | 0391 | 24452

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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Table C.7.5 Regressions of excess stock returns on the excess market returns and the mimicking returns for liquidity, size, value and momentum

The table reports the regression results for the liquidity-and-momentum-augmented Fama-French model for portfolios set up according to the zeros2 measure as a proxy for liquidity, the earnings yield (EY) as a proxy for
the value effect, the log of the market value (MVLOG) as a proxy for the size effect and the previous 3-month’s returns (MOM3) as a proxy for the momentum effect. Regressions are run on portfolios set up according to the
intersection of two liquidity groups, three value groups, two size groups and two momentum groups. The intercept (o) represents the average risk-adjusted return, while Bjm, immv, Sisme, hjume and gjewe represent the
coefficients of the market return, liquidity factor, size factor, value factor and momentum factor respectively. The t-statistics are reported in parentheses below the coefficient estimates. The models are estimated using
Newey-West standard errors with six lags. In addition, the table also reports the R?, the adjusted R? (R?) and the Durbin-Watson statistic.

Momentum
Poor (P) Good (G)

Value Size o Bim Sjsvs Pjme Jicmp ijimv R R? \[/)VLQ’PSISB Q Bim Sisve P Yieme iy R? R? \?VL{;FSI::;,
Panel A: llliquid firms

Big | -1615 0.799 0427 -0.112 -0.305 0.742 -1.876 0.753 0518 -0.055 0.367 0.372

®) (2.000* | (5560 | (-1262) | (0.535) | (-1.537) | (2.222y | 04208 | 03877 | 24909 | olsgye | (7232 | (-1.954) | (0.427) | (2.630)* | (1.e75) | 04889 | 04598 | 2.2728
Low (L)

Small | -0.596 0.845 0.595 -0.475 -1.428 0577 -3.852 0.504 1222 -0.982 1.106 0.699

S | (0427) | @097y | 2698y | (-1.841) | (3501 | (2623 | 04315 | 03992 | L8ESL | (1gqg) | 1099y | (1.835) | (-2.569)* | (2561 | (1o73) | 03296 | 02915 | 17837

Big | -2.100 0.713 0319 0.119 0372 0.142 -1.014 0.935 -0.464 -0.070 0121 0.237
vedium | ® (2525 | .3sey | (1222) | 0837) | (2100 | (L1s0) | 03018 | 02622 | 24092 | neuy | (4963 | (1.692) | (0.482) | (0.760) | (0.979) | 04720 | 04429 | 25326
™) Small | 2.344 0.893 0.279 0.178 -1.045 1.244 -2.106 0.687 0.412 0.056 0.009 0.260

©) (1821) | (3607 | (0.940) ©0729) | (2942 | (z.o0gy | 03225 | 02840 | 21228 | 1447 | 3582+ | (2008 | (0.382) | (0.046) | (0.000) | 02494 | 02068 | 2.1681

Big | -1.926 0.764 -0.361 0.198 -0.468 0.176 3216 0.767 -0.544 0.763 0.103 0.415

®) (2139 | (5977 | (-1.520) | (1.154) (2.634% | (1.044) 03108 | 02717 | 23087 | 5 jgap | (5767 | (2659 | (2.281y* | (0.379) (2.036) | 03858 | 0.3509 | 1.8819
High (H)

Small | -0.894 0.770 0231 0473 -0.420 0522 -1.075 0.852 0.497 1.347 0.704 1.741

©) (0584) | (4975 | (0.773) | (2670 | (1.770) | (2.024y= | 02785 | 02375 | 19900 | oG9y | (3285 | (1437) | (3.006) | (1.490) | (2.63g) | 04694 | 04393 | 18481
Panel B: Liquid firms

Big | -2079 0.801 -0.828 -0.003 0571 -0.265 -0.311 1.045 0.712 -0.596 0.482 0137

®) (24100 | (6503 | (3422¢ | (0632) | (3774 | (Laz1y | 04321 | 03999 | 18ILT | 4og7) | (7479 | (-2768) | (2011~ | (1.785) | (-0.442) | 04667 | 04364 | 2.0925
Low (L)

Small | -4.122 0.550 0.079 -0.299 -0.612 -0.382 1311 0.841 0.337 -0.488 0.363 -0.489

o) (38200 | (4.376)* | (0.423) (1.658) | (-2.308y= | (-1561) | 02622 | 02208 | 2.2843 | Ly geq) | (7478 | (1576) | (-3.240)* | (1.883) | (-2.157yw | 04645 | 0.4340 ] 2.1528

Big | -1.737 0.708 -0.029 -0.024 -0.924 0.115 1776 0.683 0728 0.212 0.346 -0.408
Vedium | ® (2173 | @701 | (0.146) | 0137) | (3270 | (09o7) | 03474 | 03103 | 22036 | o5q) | (5200 | (-4471)* | (1.747) | A572) | (-2.854 | 04806 | 04511 | 22956
) Small | -1.674 0.830 1.535 0.526 -0.165 1234 -0.963 0.841 0.100 0.085 -0.027 -0.337

©) (1.447) | G239 | 496+ | (L951) | (0.649) | (2308 | 05054 | 04773 | 22981 | ia0g) | a404p | (0.424) | (0.625) | (-0.135) | (-2.04gy | 03842 | 03492 | 21755

Big | -1288 0.820 -0.438 0.475 -0.724 -0.194 3677 0.494 -0.490 0.624 0317 -0.066

®) (0764) | (2892¢ | (-1419) | (1.421) | (1767) | (1.199) | 02725 | 02812 | 18445 | Homap | (3475 | (1.962) | (3.366) | (1.627) | (0.338) | 02677 | 02261 | 2.2595
High (H)

Small -2.241 0.790 0.287 0.474 -0.593 -0.316 -1.444 0.881 1.029 0.546 0.481 -1.158

©) (2.640y | (5.614y | (1.828) (3142 | (-2.864y | (-2.20ay+ | 03678 | 03318 | 22853 | L 1gm | (5526 | (1.427) | (1.909) | (1323) | (-Loo7y | ©-3880 | 03582 | 2.5187

** indicates statistical significance at the 1% level
** indicates statistical significance at the 5% level
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