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this asset class above what could be attributed
to market driven appreciation.2 In the subsequent exhibits, we will show how the bid–ask
spreads (B-A spreads) and expense ratios have
compressed and trading volumes along with
market capitalization have increased over
time, all of these factors are constituents of
the A-C liquidity score (Agrrawal and Clark
[2009]).
We have reasons to think that ETF
liquidity has indeed grown over time for most
assets and that ETFs have rapidly become a
viable and efficient instrument in the asset
management ecosystem. While that is good
news for market efficiency, we also notice
that there has been an upward drift in the
betas of the ETFs, which can be indicative
of higher asset correlations (both within and
between asset types), sector intertwining,
global market co-integration, and overlapping core constituents in ETFs or could
be simply due to a systematic upward drift
in overall market risk premium. This may
impact portfolio diversification benefits if
similar ETFs are included without a thorough examination of the underlying correlation structures (Agrrawal [2013]). A factor
migration matrix that shows the direction of
change in the factor deciles of each liquidity
determinant is discussed in the article and
confirms the regression analysis results. Based
on the A-C liquidity scores, a top 50 liquidity
list is also generated.

Re

or

Au

is president of Financiometrics Inc. and Dean’s
Distinguished Professor
of Finance at Saint Mary’s
College of California in
Moraga, CA.
jkale@stmarys-ca.edu

ft
F

is an associate professor
of finance at the University of Missouri–Kansas
City in Kansas City, MO.
clarkjm@umkc.edu

Dr
a

JOHN M. CLARK

A

grrawal and Clark [2009] identified a set of primary factors that are
indicative of an exchange-traded
fund’s liquidity. This article is a
sequel study that tracks the migration of the
now well-established exchange-traded fund
(ETF) asset class, with respect to trading
liquidity and its constituent factors over a
f ive-year period (2009–2014). Including
more than 400 ETFs ranging from $31 billion to $1.7 million in market capitalization,
this study covers a market segment with a
total of $2.112 trillion in ETF denominated
assets. In addition to a factor transition matrix
and attributes on each of the four liquidity
factors, this study includes the CAPM betas
for all the ETFs in the dataset, and a top 50
list of the most liquid ETFs traded on U.S.
exchanges.
As of April 2014, we tracked the
liquidity of 462 ETFs that went back to
2009 (with a $1 million market capitalization cutoff ) and had complete fields for the
four factors that are the determinants of our
ranking algorithm. The aggregate market cap
for this set was calculated to be $438 billion in January 2009 and $2.112 trillion in
April 2014. This represents a 34.9% annual
growth rate in ETFs, compared with a 19.8%
annual growth rate in the Russell 3000 and
a 4.5% growth in the Lehman Aggregate
Bond Index over the five-year period.1 This
in itself can be indicative of the growth of
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[2008] indicated that the unique mechanism of creation/
redemption units and the liquidity of the constituent
stocks in the ETFs is not sufficient to explain ETF
liquidity—“tighter spreads than that of the underlying
basket have emerged for several ETFs due to their own
robust trading volume.” Yu and Webb [2009] found
a post-split deterioration of liquidity as evidenced by
wider bid–ask spreads. Giulianini [2012] showed that a
fragmented market can negatively affect liquidity as a
result of higher fees, penalties, and buy-ins. Hassine and
Roncalli T [2013] highlighted the role of liquidity spread
in measuring the efficiency of an ETF and mentioned it
as a factor forgotten by supervisory authorities.
The current research consensus lies in the creation/redemption activities of market makers as not
being the only inf luence on liquidity. The development
and utilization of a multi-factor quantitative liquidity
score for the evaluation of ETF trading depth is thus an
improvement over what is a primarily abstract belief that
the issuers of the ETFs will somehow ensure adequate
liquidity through the creation/redemption process. It is
definitely of little value to the retail investor or the fastmoving trader who does not have access to the issuing
desks of these ETFs.
Our liquidity ranking mechanism utilizes the A-C
liquidity score (Agrrawal and Clark [2009]) that is algorithmically derived from the factors that are discussed
in the literature as the primary liquidity measures and
have an intuitive basis. Amihud and Mendelson [1980]
suggested using bid–ask spread as a measure of liquidity.
Stoll and Whaley [1983] found that stocks of large firms
tend to be more liquid than small firms, so we use size
as a liquidity variable to proxy the depth of the market.
Chordia et al. [2008] found that liquidity stimulates
arbitrage activity and thus lower transaction cost markets (expense ratios) tend to be more efficient. Garbade
and Silber [1982] found that assets with higher trading
volumes tend to be more liquid. Kyle [1985] referred
to this as a measure of “depth.” Yan [2008] recognized
that high-turnover funds would tend to have higher
transactions costs as well as adverse tax impacts on taxable investors, leading to lower liquidity. The factors we
find significant for the ETF liquidity score in this article
are the bid–ask spread, asset size, expense ratios, and
trading volume. The 2009 version of the A-C liquidity
measure has annual turnover as the fifth factor, but it is
now excluded due to its low marginal contribution.

DETERMINANTS OF LIQUIDITY
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Our study represents the first academic analysis
of intertemporal transition in the determinants of ETF
liquidity and a lack of association with the CAPM
beta. The study also utilizes the A-C liquidity scoring
algorithm for ranking funds based on readily available
factors. The results of this study should be of interest
to firms developing new ETF products as well as to
investors, both institutional and retail and regulators.
Following Chordia et al. [2008], a study of liquidity is
also a study of market efficiency. The issue of liquidity
for ETFs will continue to gain in importance, as more
managers and advisers use ETFs for asset allocation and
risk management with the increasingly popular optimizers that control downside risk (Kale [2006], Waggle
and Agrrawal [2006], Xiong and Idzorek [2011], Kale
and Sheth [2013]). By developing a rank ordering of
ETFs from the most liquid to the least liquid based on
four easily observable variables, this article contributes
to making the evolution of the ETF asset class more
transparent and hence improving the efficiency of the
ETF market. Additionally, by studying the migration
of liquidity over the 2009–2014 period, we assess the
stability of the ETF market space and the underlying
liquidity proxies.
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As ETFs have become more popular for both
individual and institutional investors, it is important
to understand the determinants of liquidity. Ryan and
Follet [2001] linked ETF liquidity to the liquidity of
the underlying index. Kittsley and Edrosolan [2008]
found that in the secondary market, bid–ask spread and
trading volume are important determinants of liquidity
as well. Recent works by Ben-David et al. [2014] and
Krause et al. [2013] indicated that volatility spillovers
from ETFs to component stocks are significant and result
from underlying arbitrage activity. This is a major shift
from the classic understanding that the effect runs one
way—from the underlying stocks to the ETFs only.
Previous research on ETF liquidity had suggested
that there are no liquidity issues due to the creation/
redemption activities of the market makers (McNally
[2001]; see also, Ryan and Follet [2001]). However,
Borkovec and Serbin [2013] found the limit order book
for ETFs to be deeper than that of common stocks and
urged caution in equating ETF liquidity with that of the
underlying stocks. The work of Dodd and Edrosolan
2

A N INTERTEMPORAL STUDY OF ETF LIQUIDITY AND UNDERLYING FACTOR T RANSITION, 2009–2014

JOT-AGRRAWAL.indd 2

SUMMER 2014

6/6/14 4:47:58 PM

Re

vi

ew

On
ly

The large differences between the mean and median
for each of these variables as well as the minimum and
maximum values are indicative of dispersion between
the largest and smallest funds in the ETF market and
why it is important for the investor to understand the
differential.
Exhibit 2 looks at the correlations among our
liquidity factors. Consistent with expectations, we find
that there is a negative relationship between the bid–ask
spread and both the size and trading volume variables,
which tells us that the low bid–ask spread ETFs are typically larger and have higher trading volumes (liquidity
attributes). We also find that there is a positive correlation between the bid–ask spread and the expense
ratio, which suggests that bid–ask spreads tend to rise
as expenses rise, indicating that investors have lower
interest levels in the more expensive ETFs, which perhaps drives their volumes and liquidity to even lower
levels, eventually leading to extinction. Our ranking
criterion easily identifies such illiquid securities. Lowexpense ETFs have lower bid–ask spreads, as can be
seen in the 0.233 correlation. Size (market capitalization) is positively correlated with volume and negatively
correlated with expense ratio, suggesting larger ETFs
tend to have higher trading volume as well as lower
expenses. The A-C liquidity score is positively linked
to the bid–ask spreads and expense ratios and negatively
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Retail investors do not have access to such creation/redemption activities and a thinly traded ETF can
have wide bid–ask spreads due to asynchronous trading
and limited investor interest in the ETF despite the
underlying assets being very liquid, especially during
periods of high market volatility and during market
open/close times. Large intraday bid–asks are often
indicative of such liquidity asymmetry, the resultant
spreads can significantly diminish the total return on
a roundtrip trade.
Following the techniques of the Agrrawal [2009]
data harvester, the bid–ask spreads and other fields are
drawn from several internet-based sources, including
Morningstar and CSI data that are provided for web
applications such as Yahoo! Finance and Google Finance.
To approximate a Gaussian distribution and minimize
outlier impact, all variables are subjected to the natural
log transformation. The sample is limited to ETFs that
had complete information for all of the following four
variables: total assets under management, average trading
volume, average bid–ask spread, and management fees
over the 2009–2014 period (a total of 462 ETFs). These
ETFs ranged from $31 billion to $1.7 million in market
capitalization, aggregating $2.112 trillion in ETF-denominated assets. It may be noted that these same ETFs
were valued at only $438 billion in January 2009.
FOUR LIQUIDITY FACTORS

EXHIBIT 1
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Exhibit 1 provides descriptive statistics
for the four significant variables (we drop
annual turnover from the original 2009 specification due to insufficient significance on the
variable, resulting from the fact that the vast
majority of ETFs have low annual turnovers,
which is by design an attribute of most ETFs).

EXHIBIT 2
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Descriptive Statistics of Liquidity Variables, 2014 Values

Au

Correlation Matrix of Liquidity Determinants, 2014 Values

Notes: A low A-C Liquidity score is indicative of higher ETF liquidity. The off-diagonal cells in the upper triangular matrix have the p-values, all correlations here are significant at the p < 0.05 level.
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These results indicate that the ETFs with low
bid–ask spreads, high market capitalizations, low expense
ratios, and high average trading volume produce the
lowest numerical values that are also indicative of the
highest liquidity levels. The signs on the coefficients are
stable when referenced to the results from the Agrrawal
and Clark [2009] study.

Au

LIQUIDITY RANKING RESULTS AND
FACTOR TRANSITION MATRIX: 2009–2014

Once the ranking was established we deciled the
liquidity vector and present the averages of the associated
factors in Exhibit 3. The CAPM betas for each decile are
also included. ETFs in decile 1 have an average beta less
than 1.00 for both 2014 and 2009, this could possibly be
due to a higher proportion (25% versus 12.6% overall) of
bond and broad market ETFs in the most-liquid decile.
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eLSi = 3.42 + 0.17 ln ( BAi ) − 0.02 ln(Si )

or

where the ETF’s A-C liquidity score (eLS, the estimated
liquidity score in the regression) is the dependent variable and the factor variables are bid–ask spread (BA),
size (S), expense ratio (ER), and three-month average
trading volume (V )—each of them with the natural
logarithm transformation; for each ETF i in our sample.
The regression had an R 2 of 0.86, suggesting that our
eLS value was ref lecting well the unified inf luence of
the four explanatory factors. 3 A low R 2 would have
indicated a lack of monotonicity and an inability to
aggregate the independent factors into an easily usable
one-dimensional ranking score. Equation (2), provides
the coefficient estimation results4 along with the associated p-values.
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(1)

Re

eLSi = a + β1 ln(ΒΑi ) + β2 ln(Si ) + β3 ln(ERi )
+ β4 ln(Vi ) ∀i = 1, 2, … 462

These results show that the most-liquid funds typically
have a lower bid–ask spread, a higher market capitalization, lower expense ratio, and higher average trading
volume. The top decile ETFs in 2014 have about four
times the average daily trading volume of the next decile
and more than two times the market capitalization. In
2009, the top decile had more than twice the average
daily trading volume of the next decile and more than
four times the market capitalization. This suggests that
institutional traders may be migrating to very liquid
ETFs and that they focus on these top decile ETFs
because they rapidly execute large positions and need to
minimize liquidity risk and market impact. Ben-David
et al. [2014] found a link between arbitrage activity and
high-frequency trading (HFT), which would necessitate
extremely high liquidity, which is available in decile 1
ETFs. The low liquidity deciles have ETFs with high
bid–ask spreads, low market capitalization, low daily
trading volumes, and expense ratios that are about four
times higher than the average of the 50 most-liquid
ETFs. This suggests that the market is efficient enough
to recognize these undesirable features and trades tend
to be thin with these ETFs.
The transition of factors can be seen in Exhibit 4.
The last row in the exhibit indicates that bid–ask spreads
and expense ratios have compressed, which is a good
trend for investors. Asset size and trading volume have
gone up which can be indicative of greater market participation in the ETF environment. The adoption of
ETFs into asset allocation plans and as hedging devices
seems to have gained a firmer footing than five years
ago. The only variable of concern is the overall beta of
the ETFs, which seems to have moved up more than
9% (from 1.002 in 2009 to 1.096 in 2014) 5. This may
diminish the diversification benefits of ETFs to investors
if they do not factor in asset correlations while forming
portfolios or may point toward a systematic increase in
the total risk composition of ETFs. Why that may be the
case is potentially a topic for additional research.
Exhibit 5 lists the 50 most-liquid ETFs based
on the A-C liquidity ranking methodology. It can be
seen that many of the well-known ETFs are ranked
very highly by the liquidity scoring algorithm and are
represented in the top 50 list. QQQ (NASDAQ 100)
comes in at number 1, BND (Vanguard Total Bond)
at number 2, DIA (the Dow) at number 6 and SPY
(S&P 500 SPDRs) at number 10. Of the top 50 for the
2014 rankings, 29 were also in the top 50 in 2009 rank-
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related to market capitalization and trading volume; it
may be noted that a lower A-C score implies greater
liquidity. All correlations are significant at p < 0.05 level
(Exhibit 2).
To understand the impact that each variable has
on the liquidity score, we estimated the following OLS
regression model Equation (1):
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Average Deciled Values (2014 and 2009) for Each of the Determinants of Liquidity

EXHIBIT 4
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Factor Transition Matrix (2014–2009) for the Determinants of Liquidity

ings, indicating liquidity persistence among a majority of
the established ETFs. Bond ETFs formed the majority of
the new entrants into the top 50 group (2014 ranks).6 It
is also interesting to note that 48 out of the top 50 ETFs
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have at least $1 billion in market capitalization and 13 of
the 50 ETFs are bonds, including 5 in the top 10. This
increased visibility of fixed-income ETFs could be in
response to the market crash in 2008, which resulted in
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Top 50 Most-Liquid ETFs, 2014 Ranking
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EXHIBIT 6

spreads, they are almost always associated with poor ETF liquidity. Creation/
redemption units may partially offset
the negative impacts of low trading
volume and high bid–ask spreads on
ETF liquidity, but the additional delay
in trade execution time is another factor
that could limit the interest of traders in
such an illiquid security.
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Scatterplot of A-C Liquidity Scores vs. Bid–Ask Spreads for 2014
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Using a set of factors commonly
thought to impact liquidity, we develop
a four-factor liquidity scoring algorithm,
extending the Agrrawal and Clark [2009]
algorithm, that allows us to rank the 462
ETF dataset from most liquid (#1) to least
liquid (#462). The most-liquid funds
typically have lower bid–ask spreads,
higher market capitalizations, lower
expense ratios, and higher average trading
volumes. It can also be concluded that
low-liquidity ETFs seem to have larger
bid–ask spreads, typically smaller market
capitalizations, higher expense ratios, and much lower
investor interest (volume). Although low-liquidity ETFs
may provide the investor with exposure to very narrow
market segments (such as nuclear power, rare earth
metals, social media or solar power, and so on), the costs
of trading, market price impact, and ease of entering
or exiting a sizable position must be carefully evaluated before initiating holdings in such ETFs. A market
efficiency argument can also be invoked, which would
support avoiding low-liquidity ETFs, especially when
highly liquid, low-cost ETFs are readily available.
We also discovered that there is a very active bond
ETF market as evidenced by the fact that 5 of the top
10 ETFs in our 462 ETF dataset are based on bond
indexes.7 Strategies such as risk parity, downside optimization (Kale [2006]), and multi-asset allocation models
(Agrrawal [2009]) in the post-2008 crash period may be
a contributory factor toward increased investor interest
in bond ETFs.
The evolution of ETF liquidity over the 2009 to
2014 period was a central theme of this article, as well.

Au

th

or

Dr
a

ft
F

increased f lows into fixed-income securities as a result
of risk parity and optimization-based asset allocation
strategies.
Nonetheless, bond ETFs typically get less media
exposure, possibly due to a certain indifference toward
non-equity securities and the persistent incorrect comparison charts on the Web that plot price-only returns
of stocks versus bond ETFs, often resulting in performance ordering inversion and an “optical illusion”
(Agrrawal and Borgman [2010]). This problem has
been rectified by the Agrrawal and Agarwal [2012]
procedure, which is also deployed in the CorrectCharts
and ReturnFinder iApps that produce comparison total
returns on the f ly for individual securities as well as
portfolios, besides providing portfolio stress-testing
capabilities.
The non-linear positive relationship between the
A-C liquidity score and the bid–ask spread is shown in
Exhibit 6 (see the Appendix). Low A-C scores correspond to higher liquidity and are associated with lower
B-A spreads on the underlying ETFs. Although there
is greater dispersion toward the upper end of the B-A
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the same 462 were mapped to the 2009 ETFs for the
associated factor values). This is an additional risk that
investors and regulators have to keep in mind when
investing in new entrants or evaluating low-liquidity
ETFs. Although there was a total of about 884 ETFs in
2009, the number grew to about 1,595 in 2014. In such
a populous environment, it is all the more important
that investors and traders operate over the most liquid
spectrum of the ETF landscape. The cost is often in the
form of poor market depth, high expense ratios, and a
range of trade execution difficulties, such as price impact
and time delays, besides potentially high tracking errors
with the associated benchmark index. Naturally, this
cost is borne by the trader-investor.
In conclusion, we have reasons to think that ETF
liquidity has significantly grown over time for most
assets, that there is some natural pruning with pockets
of concern, and that overall, ETFs have rapidly become a
viable and efficient instrument in the asset management
landscape. The ETF ecosystem, just like any other, has
to be researched and managed for sustainable growth;
whether market forces are sufficient for that purpose,
only time will tell.

APPENDIX
LIQUIDITY RANKING ALGORITHM10
Our ranking algorithm (Agrrawal and Clark [2009])
determines a liquidity score and eventually a rank, for each
of the 462 ETFs that have complete data for all four factors.
An iterative optimization approach is utilized to obtain the
factor loadings on each factor that contributes to a unified liquidity scalar score. The liquidity score vector is then
transformed to an ordinal ranking for the full set of ETFs
in our study.
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We find that there is liquidity persistence and factor
strengthening across all variables. We find that the four
liquidity factors have improved for the most liquid funds
in the last five years, but they have worsened for the
least liquid funds. Bid–ask spreads and expense ratios
have compressed, which is a good trend for investors,
and asset size and trading volume have gone up, which
can be indicative of greater market participation in the
ETF environment,8 which is also good. The adoption of
ETFs into asset allocation plans and as hedging devices
seems to have contributed to asset growth. The class of
ETFs has witnessed a phenomenal 34.9% annual growth
rate, compared with a 19.8% annual growth rate in the
Russell 3000, a 4.5% growth in the Lehman Aggregate
Bond Index over the 2009–2014 time period (inf lation
was 1.86% a year over the period, aggregate market cap
for our ETF dataset was $438 billion in January 2009
and $2,112 billion in April 2014, for the same set of
ETFs). The ETF ecosystem seems to be thriving as the
new asset class of choice among both institutional and
retail investors.
However, there are two findings of concern. First,
the overall beta of the ETFs in our study seems to have
transitioned over time and moved up more than 9%
(from 1.002 in 2009 to 1.096 in 2014).9 This may be
due to increased cross-asset correlations, sector intertwining, global market co-integration, or overlapping
core constituents in ETFs, or simply because of a systematic upward drift in overall market risk premium. This
increase could potentially diminish the diversification
benefits of ETFs to investors if they do not factor in
the asset covariance matrix while forming portfolios.
Second, in the year 2009, we had a total of 622 ETFs
for which we had bid–ask price data, of those only 462
remained in 2014, indicating a steep 25.7% closure rate
for the low-liquidity ETFs (for this study, however,

Max ρ

4

∑ ω φ ,φ
ν j
i i

i =1

Α∈{1,..4 factors}

∀ j ∈ { set of all ETFs}

and ∀ ω ν ∈ {−∞, + ∞} and all υ iterationss
4

(A-1)

⎯⎯⎯⎯⎯
→ ∑ ω φ ≡ eLS , the liquidity score ⇒ Θ, the liquidity rank
for optimal ω *

ν j
i i

i =1

8

A N INTERTEMPORAL STUDY OF ETF LIQUIDITY AND UNDERLYING FACTOR T RANSITION, 2009–2014

JOT-AGRRAWAL.indd 8

SUMMER 2014

6/6/14 4:48:02 PM

5

Re

vi

ew

On
ly

The set of ETFs for 2009 and 2014 was exactly the same,
their liquidity rankings however changed. So this upward
drift of beta cannot be attributed to fewer bonds or a higher
proportion of sector or leveraged equity ETFs in 2014.
6
Of the 622 ETFs that we had bid–ask data for in 2009,
only 462 remained in 2014, indicating a steep 25.7% closure
rate for the low liquidity ETFs. This is an additional risk that
investors and regulators have to keep in mind while investing
in new entrants or evaluating low liquidity ETFs. There were
about a total of 884 ETFs in 2009, the number grew to 1,595
in 2014. Not all of them constitute the most-liquid spectrum of the ETF landscape. The cost is often in the form of
poor market depth, high expense ratios, and a range of trade
execution difficulties, such as price impact and time delays,
besides potentially high tracking errors with the associated
benchmark index.
7
About 25% of the most liquid ETFs in our top 50 list
and 12.6% of the 462 ETFs in our contiguous dataset are
based on bond indexes.
8
Ben-David et al. [2014] found a link between arbitrage
activity and high-frequency trading, which could also be a
contributory factor toward increased liquidity.
9
The upward drift of beta cannot be attributed to fewer
bonds or a higher proportion of sector or leveraged equity
ETFs, because the set of ETFs was exactly the same in 2009
and 2014.
10
The algorithm is made available for personal, informational, and educational use only, any commercial use
would fall under the usage and licensing stipulations of Cloud
Epsilon LLC.
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Where ω are the weights on the ranked factors φ. Also
Θ is the resulting rank of the liquidity score vector for the
optimal ω*, ρ is the correlation between the score array and
the factor array, with the first factor φ1 being the bid–ask
spread. φ is the vector of “ranked factors,” and in this case
there are four factors (listed in Exhibit1). eLS is the regression
model notation for the multifactorial A-C liquidity score.
The first factor φ1 is the bid–ask spread on each ETF, which
is well known in the literature as a proxy for liquidity. So,
think of φ1 as a 462 × 1 column vector where each element is
the bid–ask spread on the corresponding ETF. The iteration
is to determine the weights for each of the four factors; hence
φΑ , which thus constitutes the set of four column vectors, one
each for each of the four factors. Eventually, we maximize
the correlation ρ between eLS, the sumproduct of each row
in a 462 × 4 matrix with an initially unknown set of weights
{w 1…w4} and the column vector φ1. The Excel Solver can be
used to change each ω in the {w 1…w4} row vector to find
an optimal set that maximizes the correlation between the
bid–ask spread and the eLS score (which is a multivariate
construct of the four factors, termed the A-C liquidity score).
So, this gives us a weighted sum product of the four factors as
a unified column vector of eLS [462 × 1]. Note that because
ω* is any real number, the iterations can be many, so we
speed it up by limiting the increment to an integer and then
dividing by 100 before we link it back to our sumproduct.
The raw factors are also converted to an ordinal ranking of
factors during the optimization process.
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The article has benefited from discussions with Robert
Strong, Ivan Manev, and John Mahon at the University of
Maine; Tom Downs and Benton Gup at the University of
Alabama; Satya Pradhuman of Cirrus Research, New York;
Dan Dibartolomeo of Northfield Information Services,
Boston; and Tanja Leber-Agrrawal for editorial assistance;
their support is gratefully acknowledged. All errors and omissions remain those of the authors.
1
Inf lation was 1.86% a year over the period (see BLS.
gov).
2
There were 884 ETFs in 2009 compared with 1,595
ETFs in 2014 (Kosnett [2008], Investment Company Institute [2008], and ETFdb.com). Of those, 622 ETFs met our
$1 million market-cap cutoff in 2009, by the year 2014 only
462 of them were trading, an attrition of 25.7%.
3
This R 2 compares well with the 0.89 value in the
Agrrawal and Clark [2009] study and indicates factor stability
over time; it may also be noted that “turnover” was found to
be not very explanatory in that study.
4
All factors have been log-normalized.
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