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Small Cap versus International Stock Indices: 

On the quest for lower risk and higher returns 

 

A. Seddik Meziani  and Luis San Vincente Portes  

 

Risk-return performance studies have yet to draw in their theoretical framing 
the smaller than small corporations known as micro-cap stocks.  They have 
been conducted without discerning between small and micro-cap stocks. To 
determine the existence and significance of their risk-return trade-off, this study 
calls on two benchmarks of this market-cap category. This trade-off is also 
examined in terms of the effects of foreign stocks on investment portfolios. This 
study brings in newer indices related to the emerging markets and small-cap 
international stocks. These domestic and international indices enabled us to re-
examine the return- risk link and show that this association is not always true 
from a systematic risk perspective.     

 
 
Introduction 
Standard models of portfolio choice highlight the risk-return trade-off that 
investors face as well as the benefits from diversification. Deeper capital markets 
and greater financial integration around the world have provided investors with 
new asset classes. Among these, investment opportunities in small publicly-
traded firms in both the U.S. and foreign countries, allow investors to break away 
from traditional fixed income instruments or large public companies that tend to 
exhibit slower growth. 
 
In this paper, we analyze the performance of several indices that track the 
performance of firms by market category, geographic location, or both. Index 
returns are used rather than individual security returns as the latter contain 
dramatically more noise (Conrad et al., 1991)  
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The indices we analyze are the Dow Jones Wilshire U.S. Micro-Cap Index, the 
Dow Jones Microcap Index, the S&P MidCap 400 and the S&P SmallCap 600 
indices, the Morgan Stanley EAFE and EAFE Small Cap indices, the Emerging 
Markets index, and the World and World Small Cap indices. Not surprisingly, we 
find that an international small cap index yields the lowest systematic risk and the 
highest risk-adjusted returns to an investor, relative to the U.S. market 
represented by the S&P 500 index. 
 
For the purposes of this analysis, we first proceed by separating the indices into 
two distinct groups: domestic market capitalizations smaller than that of the S&P 
500 (small-cap indices thereafter) and international indices. Within the first group, 
we further divide them into micro-cap, small-cap and mid-cap indices. While the 
market-cap literature generally points to the outperformance of smaller 
companies, this research was by and large conducted without discerning 
between small and micro-cap stocks. As a result, one cannot tell whether this 
outperformance comes from the small companies or their smaller than small 
counterparts. Hence, the first guiding thread of the analysis is to determine 
whether micro-cap indices are distinct enough to merit a category of their own.  
 
A second guiding theme through the study is the difference between domestic 
and international indices. We answer this question only after submitting our 
selected domestic benchmark to a rigorous statistical analysis that helps us 
identify the top performers.  
These selected indices are then compared with the international indices along 
the same dimensions. 
 
Finally, while performance is a key driver in the decision to include securities (or 
baskets of securities as is the case here) in an overall asset allocation scheme, 
diversification is a main element as well. For that reason, we hypothesize that a 
fund tracking an index of small domestic or foreign companies with mostly 
“unfamiliar” names could not be expected to move in lockstep with the S&P 500, 
a broad-based market index heavily weighted with large U.S. corporations that 
often behave as a group and thus do not respond to the same economic 
conditions as their smaller counterparts. If such is the case, other factors being 
equal, the combination of these assets should trim the volatility of a strategic 
investment portfolio without reducing its expected return over time.  
 
The paper is organized as follows, in section 2 we set up a model that represents 
the problem of an investor that yields theoretically based risk-return measures 
and shows the gains from diversification; section 3 describes and characterizes 
the indices that comprise the analysis; in section 4 we apply a set of performance 
evaluation measures on all the indices; and section 5 concludes and provides a 
portfolio recommendation based on the indices recent performance.  
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I. The Model 
This section presents the analytical framework on which the empirical analysis 
and investment strategies are based. The model concerns the portfolio problem 
of an investor along with equilibrium conditions that help characterize the relative 
performance and value of the indices under study. First, we show the conditions 
under which an investor would like to hold a risky asset in his portfolio, and which 
amongst several would be preferred. Then, we provide the adjustment factor 
which would render all assets equally desirable once their co-movement and 
riskiness are factored in. And finally, we determine the diversification benefits of 
holding ex-ante similar risk-adjusted indices. 
 
A The Investor’s Problem 
Consider an investor who has to allocate his wealth between a risky and a risk-
free asset. The risk-free asset yields a predetermined return denoted by rf, while 
the return on the risky asset is characterized by the probability distribution Fi(r), 
whose mean and variance are denoted by ri and σ2

i, respectively. Wealth is 
normalized to one, so that α represents the fraction of wealth invested on the 
risky asset, and β the share of wealth invested on the risk-free asset. This 
problem is represented by: 
 

{ }
( ) ( )rdFrru if∫ + βα

βα
max

,

  s.t. α + β = 1, and α, β ≥ 1;   (1) 

 
where the utility function is such that u’ (·) > 0 and u” (·) ≤ 0. In this context the 
investor is risk averse if u” (·) < 0 and risk neutral if u” (·) = 0. The investor’s 
problem can be alternatively represented as: 
 

{ }
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α

 s.t. ].1,0[∈α   (2) 

 
Next we show that the investor will wish to hold a positive amount of the risky 
asset in his portfolio, so long that the expected return on the risky asset is larger 
than the risk free rate. Taking the derivative of U with respect to α and evaluating 
at α = 0, we have: 
 

( ) ( )( ) ( ) ( )( )
fififf rrrurdFrrruU −=−= ∫ ''0' .  (3) 

 
This expression suggests that the utility change from a risk-free portfolio to one 
that includes both assets is positive as long as the expected return on the risky 
asset is greater than the risk-free rate. Moreover, this establishes that even a 
risk-averse investor would be willing to hold a risky portfolio that includes some 
amount of the risky asset.1 
 
The risk-return properties of the investor’s portfolio are driven by α. The larger 
the share of the risky asset in the portfolio, the more the portfolio mimics the 
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behavior of the risky asset. In particular, the expected return on the portfolio is a 
weighted average of the expected return of the risky asset and the risk-free rate. 
For a given α, the portfolio’s return is represented by: 
 

( )[ ] ( ) ( ) fiif rrrdFrrr ααααα −+=−+= ∫ 11 .  (4) 

 
Similarly, the variance of the portfolio (σ2

α) depends on the share of the risky 
asset on the portfolio. Specifically, it is given by: 
 

( )[ ] ( ) 2222 1 iif rdFrrr σααασ αα =−−+= ∫ .  (5) 

 
Hence, the bounds on the return and the standard deviation of the portfolio are r α 
∈ [rf,  

ri] and σα ∈ [0, σi], respectively. This way, the price of risk, or Sharpe ratio, of the 

risky asset is:
i

fi

i

rr
p

σ

−
= . This represents the increase in the portfolio’s return 

associated to the increase in risk. When α is equal to one, the risk and return of 
the portfolio correspond to those of the risky asset. 
 
B  Market Equilibrium 
From a strategy standpoint, if the investor had to choose one among several 
risky assets to build his portfolio, the one with the highest p would be strictly 
preferable to the rest. That is, the one that offers the highest risk-return trade-off. 
 
However, the investor may wish to include more than one risky asset in his 
portfolio for say, diversification purposes (see below). In such case, the Sharpe 
ratio would no longer determine the mean-variance frontier of the portfolio, but it 
would rather be determined by the co-movement of the risky assets’ returns. 
Assets that move in opposite direction would limit the amount of risk in a 
portfolio, while those that move together could increase the riskiness of the 
portfolio. 
 
The convention in the literature is to gauge the risk of an asset relative to the 
market as a whole. This is captured by the beta of the asset, which determines 
whether the risky asset moves with or against the market, and the degree to 
which it amplifies or reduces market movements. This is referred to as 
systematic risk. Letting (rm, σ2

m) denote the mean and variance of the market, 
from an equilibrium standpoint, for all risky assets to be held in a portfolio they 
must yield the same risk-adjusted return. That is, for risky assets i and j to be part 
of the same portfolio it must be the case that 
 

( ) ( )
ffmjjfmii rrrrrrr =−−=−− ββ .  (6) 
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Where βi(rm - rf) is referred to as the risk-adjustment factor, which controls for the 
co-movement of the asset’s return with respect to the market. The expression 
above implies that the equilibrium return of any stock i should be ri = rf + βi(rm - rf).  
This expression corresponds to the Capital Asset Pricing Model (CAPM). This 
model implies that the higher beta, the higher the risky asset’s return ought to be 
in order to compensate for the increase in risk. Conversely, assets that decrease 
risk yield lower return2. From a market perspective, assets that temporarily yield 
abnormal returns are bound to return to the equilibrium return as investors’ 
purchases or sales change returns, all else equal. For instance, a positive 
abnormal return would attract investors who bid up the price and thus reduce the 
‘excess’ return. 
 
In the empirical analysis, we calculate a general version of the equation above 
known as the Market Model where ri = αi + βirm+ εi; where εi is a random 
disturbance independent of rm and βi captures the co-movement of asset i with 
respect to the market, and αi is the mean return of asset i once the co-movement 
between the market and the asset is accounted for. This specification imposes 
less restrictions on how prices (and returns) are set.3 
 
C  Diversification 
By combining two or more risky assets with similar characteristics, the investor 
can reduce the volatility of his portfolio once a risk return profile has been 
chosen. To illustrate this suppose that the investor has decided on the share of 
his wealth (α) that will be allocated on the risky asset i. Then, consider asset j 
which has the same mean and variance as asset i (i.e. pi = pj); although their 
returns are not perfectly correlated. Any combination of assets i and j will exhibit 
the same mean but lower variance. This is summarized in the following 
proposition. 
 
Proposition 1: Let α denote the share of an investor’s wealth invested in risky 
assets, and  let δ represent the fraction allocated to asset i; and (1 - δ) the share 
of α invested in asset j. Let ri and rj denote the return on asset i and j, 
respectively. Suppose ri and rj are jointly distributed random variables with 

mean ji rr
−−

= ; variance σ2
i = σ2

j, and correlation ρi,j ∈ [-1; 1]. Then,  

 
var {[ δ ri + (1 - δ )rj ] α} < var(ri α).  (7) 
 
Proof. See Appendix A. 
 
This way, through diversification the investor can maintain the same expected 
return and reduce the volatility of the risky component of his portfolio. 
 
II. Index Characteristics and Data 
 
The data set used in this study consists of daily price movements for ten indices 
of which five are U.S indices and the remainder international: The indices we 
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analyze are: The Dow Jones Select MicroCap Index (DJSM), The Dow Jones 
Wilshire U.S. Micro-Cap Index (DWMI), S&P SmallCap 600 (S&P 600), S&P 
MidCap 400 (S&P 400), S&P 500, the MSCI EAFE (EAFE) Index, the MSCI 
World (WORLD) Index, the MSCI Emerging Market (EM) Index, the MSCI World 
Small Cap (WORLDSC) Index, and the MSCI EAFE Small Cap (EAFESC) Index. 
 
The idea of using domestic smaller cap stocks in long-term portfolios was 
validated by the financial literature starting with Banz’s (1981) and Reinganum 
(1981) seminal articles on the effect of company size on performance. Their 
discovery has spawned several quantitative analyses showing clear differences 
in the behavior of stocks of varying capitalization, with small cap being the long-
term winner relative to large cap. In light of this, several other academic articles 
as provided by Hawawini and Kleim (1999) in a comprehensive review of the 
international evidence documented similar results for a number of other 
countries. They report positive size premia of about 6 to 9 percent per annum for 
France, Germany, Spain and Switzerland for extended periods before 1989. 
 
Using U.K. data, Levis (1985) explores the size effect and documents an average 
6.5 percent annual premium for the smaller decile of U.K. firms over the period 
January 1958 to December 1982. The attention it attracted led to the launch of 
the Hoare Govett 1000 and the FTSE Small Companies indices in 1987. Levis’ 
study also provides evidence that smaller U.K. firms appear to have lower betas 
than larger firms even after adjustment for thin trading. The same result is 
reported by Poon and Taylor (1991) whose study also shows that U.K. smaller 
firms’ betas are smaller than those of their larger counterparts. 
 
On the other hand, many authors have reported that the significance of the size 
effect and other reported anomalies depends on the period used for the test. 
Hawawini and Keim (1995), for example, stressed that as time passes, the 
significance of many so-called size anomalies disappear. Yet, others have 
continued to document the importance of managing exposure to market 
capitalization such as Kothan, Shanken, and Sloan (1995) Loughran (1997) and  
Reinganum (1999) who have carried on in the tradition of reporting that the value 
premium is strongest for small-cap firms.4 
 

Although the idea has yet to be explored by the academic literature, practitioners’ 
literature has further refined the analysis of capitalization by also stratifying the 
stock market into micro-cap stocks. This writing has purported that portfolios 
comprised of micro-cap stocks also outperform those of larger capitalization 
stocks. Seizing on the rising interest of investors, several index publishers have 
made indices available using various construction methodologies. The DJSM and 
the DWMI, the study’s gauges of the micro-cap market, are only two of several 
micro-cap indices put forward by them. By assessing their contribution or lack of 
to the long term performance of a strategic portfolio, we can also verify the 
validity of such claims. 
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Both the Russell 2000 and the S&P 600 indices are recognized gauges of the 
small-cap market albeit some nuances. Although the Russell 2000 is more 
comprehensive than the S&P 600 with an additional 1400 stocks, it is also 
specifically designed to be transparent and all-inclusive without any attempt to 
screen out stocks with “investability”5 constraints. In different circumstances this 
study would have looked favorably on its criteria and would have considered it 
the better index. In this particular context, however, the S&P 600 is deemed a 
better choice than the Russell 2000 exactly because of the critique directed 
toward the former.  
 
Indeed, due to its broader representation of the small-cap market, the Russell 
2000 is more likely to incorporate and perhaps even be dominated by the lower 
percentiles of market capitalization, that precise segment of the market that index 
providers want to capture within the micro-cap index. Since the focus of the S&P 
600 is on “investability”, we expect it to have more stocks on the bigger end of 
the small-cap spectrum, thereby helping us achieve a better representation of the 
small-cap market. This supposition appears to be backed by statistics provided 
by the two index compilers in their respective websites.6 The market cap range 
starts at $300 million for the S&P 600 compared to only $25 million for the 
Russell 2000 — a statistic more in line with the size of micro-cap companies. In 
the absence of an index of “true” small-cap stocks, we can only hope that the 
reader will agree with our choice of the S&P 600 as a “better” gauge of the small-
cap market and thereby espouse our procedure and the results derived from it.  
 
The S&P 400 and the S&P 500 are the other cap-sized indices of U.S. equities. 
Introduced in 1991, the S&P 400 is a weighted index like other Standard & Poor’s 
indices. Since its introduction in 1991, it has become a widely used index for mid-
sized companies. A mid-cap equity strategy is guided by the belief that U.S. mid-
cap stocks also present strong risk-return characteristics as well as diversification 
benefits that differ considerably from those of both large-caps and small-caps. As 
to the S&P 500, it’s the study’s selected proxy of the market benchmark. It 
reflects the risk/return characteristics of the large-cap universe. Considered to be 
the bellwether for U.S. equities, it holds the stocks of large publicly held 
companies trading on the New York Exchange and the Nasdaq. 
 
The inclusion of international indices in the study obeys the well-established 
premise that portfolio diversification with an exclusive investment focus on U.S. 
stocks is rather myopic given that U.S. equities have now come to represent less 
than 50 percent of world equities. As such, international investing is now routinely 
viewed by the finance literature as a straightforward generalization of portfolio 
selection with a larger menu of assets, and potentially allow for some of the 
benefits of diversification presented in section 2.3. Indeed, portfolio risk reduction 
from international diversification remains the subject of many articles, and 
Madura and O'Brien (1991) provide an excellent review of earlier literature. Of 
particular note is Grubel's (1968) article, which demonstrated the mean-variance 
efficiency of international portfolio diversification. But the most-cited article on the 
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merits of international diversification was written by Solnik in 1974 and reprinted 
in 1995. In it, Solnik illustrates how lower levels of portfolio risk are achieved 
within the internationally diversified portfolios. 
 
 The benefits of international diversification have been questioned however by 
the finance literature in more recent years notably by Sinquefield (1996). In his 
analysis of the 1970-1994 returns he finds that combining a portfolio of the EAFE 
Index and the S&P 500 doesn’t increase expected returns nor decrease the risk 
of the portfolio. Assuming this is true and considering that the level of capital 
flows among international markets have by no means weakened since his article 
was published, we have a priori no reason to doubt that the inclusion of the 
EAFE Index in our analysis will contradict the literature’s downbeat results. This 
is especially true in light of the fact that the yearly rolling windows used in our 
study constitute relatively more recent time periods during which globalization 
has undeniably considerably strengthened.  Yet, it’s highly plausible that some of 
the other international indices used in our study could present us with a whole 
different framework.  Bigger diversification benefits could be had from exposure 
to international small-capitalization stocks and emerging markets stocks as the 
factors that contribute to their fluctuations could be different from those that stir 
the movements of their more established counterparts. 
 
International investing requires a benchmark index. As aforementioned, one 
widely used index of non-U.S. stocks is the MSCI EAFE Index (Morgan Stanley 
Capital International’s Europe, Australasia, and Far East). Designed to measure 
developed market equity performance, excluding the U.S. and Canada, it 
consists of 21 developed market country indices.7 Our second benchmark for the 
more established economies is the MSCI World (WORLD) Index. The latter 
incorporates 23 developed market country equity indices including this time the 
U.S. and Canada.  
 
The emerging market is represented by the MSCI Emerging Market (EM) Index. 
Indeed, it is often asserted that emerging market stocks share some of the 
characteristics of securities issued by smaller companies in developed countries 
as they both face similar borrowing pressures. This addition will certainly present 
us with the opportunity to test such a statement. This index whose constituents 
are available to non-domestic investors is comprised of 26 emerging markets 
who share specific criteria as defined by MSCI.8  
 
Last but not the least, the international small-cap market is represented by two 
indices: the MSCI World Small Cap Index (WORLDSC), which is a free float-
adjusted market capitalization index that is designed to measure small-cap equity 
performance in 23 of the world’s developed equity markets and the MSCI EAFE 
Small Cap Index (EAFESC) representing the small cap segment in 21 developed 
equity markets outside the U.S. and Canada. MSCI defines as international small 
caps, the stocks issued by companies with total market capitalization of U.S. 
$200-$1,500 million. These two indices were added to test whether their unique 
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challenges and risks will show a weak pattern of convergence with U.S. equity 
markets especially those represented by the S&P 500, thereby providing an 
investment environment with larger diversification benefits. 
 
All data are provided by the indices’ respective compilers. To examine the 
performance of these index portfolios, their annualized daily price returns are 
examined over the period beginning January 5, 1999 (date at which the daily 
compilation of the DJSM and the DWMI began) and ending March 31, 2007. This 
period is deemed long enough to lend statistical significance to the conclusions. 
Their behavior is also examined over rolling windows of 1-year performance 
intervals that add and drop one observation at a time, maintaining the sample 
size constant. This approach traces the dynamics of the performance measures 
of the indices, over time, as well as tests for the stability of the results obtained 
with the whole sample.9 Note that monthly data for the two micro-cap indices are 
available over a wider horizon.10 The difference in frequency is due to the fact 
that data on the DJSM and the DWMI were first published on only a monthly 
basis starting August 31, 1992. The other frequencies were added beginning 
January 5, 1999.  
 
The set of performance measures for the analysis consists of the indices’ alphas, 
betas, p-values, correlation coefficients and Sharpe ratios, statistics that are 
thoroughly analyzed in the next section. The Sharpe ratios will allow us to rank 
them in terms of their risk-adjusted returns whereas beta estimates will indicate 
which of these indices are most effective in reducing systematic risk. All things 
considered, this approach provides us with a characterization of the indices, 
which will help us chart their past and delineate their current position. 
 
III. Performance Evaluation 
 
This section discusses the results of the performance evaluation model set out in 
section 1 applied to the selected indices, along with other sample statistics. 
Which index is more attractive based on reported performance is not the 
question this study seeks to answer. The real issue at hand is to determine 
whether their risk-return characteristics are different enough to consider them 
distinct categories of stocks capable of enhancing an investment portfolio. We 
will also pay special attention to the characteristics of micro-cap and international 
indices. After all, much has been said about the features of the larger cap 
categories in the academic literature but to the best of our knowledge hardly any 
study covered those of the smaller of the small companies. It will be particularly 
interesting to study them within the context of portfolio diversification.  
 
Given the large amount of statistics and indices, the discussion is organized by 
first comparing the micro-caps with the U.S. small-cap and mid-cap indices; then, 
the micro-caps with the international indices; and finally the micro-caps with 
small-cap international indices for every performance measure. 
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A  Sample statistics  
 
A starting point of particular interest to us is the performance of the two micro-
cap indices. They are evaluated in relation to that of the S&P 600 and the S&P 
400, our chosen benchmarks of the small- and the mid-cap markets, 
respectively. All these indices aim at capturing the distinctive nature of U.S. small 
firms relative to the larger established firms that comprise the S&P 500. To be 
sure, a significant performance differential, although not sufficient in itself, will go 
a long way in justifying the view that the micro-cap segment of the market is a 
distinct market cap category that could independently contend for investors’ 
interest in a well-diversified portfolio.  
 
To examine these indices’ performance, annualized daily price returns are 
examined over the period beginning January 4, 1999 (date at which the daily 
compilation of the DJSM and the DWMI began) and ending March 31, 2007. As 
aforementioned, we also examine sub-sample of 1-year length that add and drop 
one observation at a time (1-year rolling windows), which portrays the evolution 
of the performance measure under study. Table I presents the statistics and 
estimates for all indices for the entire sample period. 
 
See Table I in appendix 
 
Returns 
Our first performance measure is the indices’ returns. With 30.36%, the DJSM 
exhibits the highest average return in relation to the other cap-sized indices 
including the S&P 400 and the S&P 500. The second highest performance 
(23.52%) is achieved by the DWMI, the other micro-cap index used in the study. 
At 20.01%, the performance of the S&P 600 is noticeably less than that of the 
DJSM or the DWMI.  
 
The performance of the micro-cap indexes especially that of the DJSM, is also 
evident even when the study’s international indices are incorporated. Among this 
class of indices, the average return of the EM is more than twice that of the 
EAFE and WORLD indices (22.69% versus 10.78% and 7.59%, respectively) but 
only slightly higher than that of the WORLDSC (20.26%). 
 
From a dynamic perspective, the 1-year rolling-window returns reported in Figure 
1 show that both micro-cap indices have alternated yielding the highest returns, 
despite the parallel movement of all indices. However, from the bottom panel of 
Figure 1, we can see that for the most recent rolling windows estimates, the 
EAFESC has yielded very similar returns as the DWMI. Furthermore, around the 
beginning of 2006 the DWMI has exhibited larger returns than the DJSM. The 
analysis also suggests that all indices seem to be recovering from a phase 
characterized by lower returns.  
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Figure 1: Returns

 
 
In regard to the difference in cap categories, when compared to the performance 
of the DJSM in particular, the performance of the S&P 600 has been lower since 
the middle of 2002. Overall, when the performance of the two micro-cap indices 
is compared to the performance of the S&P 600, the DJSM’s not only seems to 
be more significant but also more time enduring. However, since mid 2005, the 
DWMI has had better performance that both the DJSM and the S&P 600. 
Together, the performance of the two micro-cap indices is also superior to that of 
the S&P 400 over the longer time horizons.  
 
Volatility 
In terms of the indices’ annualized volatility, measured by the standard deviation 
of returns, it’s the DWMI this time that exhibits a clear superiority over the DJSM 
and especially over the S&P 600. Interestingly, its volatility is also less than that 
of the S&P 500. This result is especially surprising considering that the DWMI is 
comprised of the smallest of the small companies even in relation to the DJSM 
as indicated in the review of the indices in the first section of the study. As such, 
one would have rather expected this index to show the highest volatility.  
 
As to the DJSM, its standard deviation is less than that of the S&P 600 with 
about 2 percent less volatility (0.2131 versus 0.2323). Overall, these basic 
statistics tend to support the consideration of either the DJSM or the DWMI as a 
viable market-cap category separate from the small-cap category. Not only their 
performance seems more significant than that of the S&P 600 but it is also more 
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time enduring. The micro-caps subdued volatility in relation to the small-cap and 
mid-cap indices shows resilience by lasting almost throughout the study’s time 
horizons. It is only in the first half of 2006 that the S&P 500, S&P 400, and S&P 
600 start exhibiting lower volatility than the DJSM.  
 
The dominance of the micro-cap indices in terms of lower volatility is not as clear 
when the international indices are brought into the analysis. In fact the 
WORLDSC and the EAFESC seems to alternate dominance over all of the time 
windows included in the study (Figure 2). This could have significant 
repercussion on the study’s chosen statistic for risk-adjusted returns. 
 

.1
5

.2
.2

5
.3

.3
5

2000 2001 2002 2003 2004 2005 2006 2007

DWMI

DJSM

SP500

SP400

SP600

.1
.1

5
.2

.2
5

.3
.3

5

2000 2001 2002 2003 2004 2005 2006 2007

DWMI

DJSM

SP500

EAFE

EM

WORLD

.1
.1

5
.2

.2
5

.3
.3

5

2000 2001 2002 2003 2004 2005 2006 2007

DWMI

DJSM

SP500

EAFESC

WORLDSC

Figure 2: Std. Dev. Return

 
 
 
Sharpe ratio 
Calculating average index returns and standard deviations does not mean the 
task is done. Returns must be adjusted for risk before they can be compared 
meaningfully. The simplest and most popular way to adjust returns for portfolio 
risk is to compare rates of return with those of other investment funds with similar 
risk characteristics. But this approach is hardly applicable here since we are 
evaluating indices representing different market cap categories.  
 
Hence, to further evaluate these equity indices, we next calculate their Sharpe 
performance ratios, a widely used measure of risk-adjusted returns (see 
description in section B). Herein, it is a measurement of the index’s excess return 
over U.S. Treasury bills over the sample period adjusted for the index’s volatility 
as measured by the standard deviation. In the simplest case we only need to 
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ascertain whether they have different Sharpe measures and identify those with 
the highest ratios. In sum, if the benchmark is the market index, the performance 
criterion is the Sharpe measure of the other market cap indices versus the 
benchmark. From these ratios and the results of the regression analysis we will 
evaluate ahead, we obtain the necessary performance statistics for each index.  
 
As could be predicted from the preliminary risk-return performance analysis of 
the prior sub-sections, of all the domestic indices the micro-cap indices show by 
far the highest performance on a risk-adjusted basis over the longer time 
horizons. For example, the January 1999 to March 2007 period indicates a 
significant difference in the Sharpe ratios: 1.22 and 1.01 for the DJSM and the 
DWMI respectively, 0.67 for the S&P 600 and 0.65 for the S&P 400, in relation to 
a low 0.09 for the market benchmark. When compared to the S&P 600, the risk-
adjusted performance of the DJSM in particular is an astounding 82 percent 
higher (1.22 versus 0.67).  
 
The initial dominance of the DJSM is also true when we bring the international 
indices into the comparison. It shows by far the highest risk adjusted returns over 
the longer holding horizons. Though, as shown in Figure 3, in early 2006 the 
DWMI exhibits higher Sharpe ratios, which mimic those of the EAFESC, 
beginning in 2007. 
 

−
5

0
5

1
0

2000 2001 2002 2003 2004 2005 2006 2007

DWMI

DJSM

SP500

SP400

SP600

−
5

0
5

1
0

2000 2001 2002 2003 2004 2005 2006 2007

DWMI

DJSM

SP500

EAFE

EM

WORLD

−
5

0
5

1
0

2000 2001 2002 2003 2004 2005 2006 2007

DWMI

DJSM

SP500

EAFESC

WORLDSC

Figure 3: Sharpe ratio

 
 
The outperformance of the DJSM in terms of risk-adjusted returns prevails over 
the study’s horizon which can be seen in Figure 3. Interestingly enough, since 
early 2002 corresponds to the rebound in the stock markets, one wonders 
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whether the bear market of the early 2000s has had more of an adverse impact 
on the performance of the other market capitalization categories including the 
small-cap market than on that of the micro-cap market, as the deviation in 
Sharpe ratios changes markedly. In fact, in terms of their Sharpe ratios, the 
period corresponding to a bear market has significantly favored the DWMI in 
particular, an index comprised of the smallest of the small companies as 
previously mentioned. However, toward the end of the sample, the DJSM’s 
dominance seems to abate as it first starts sharing the limelight with the EAFSC 
and the EM before being increasingly overtaken by them.  
 
 
Correlation 
A key contribution of the Markowitz diversification strategy is the formulation of 
an asset’s risk in terms of a portfolio of assets rather than in isolation. Markowitz 
diversification seeks to combine assets in a portfolio with returns that are less 
than perfectly related, in an effort to lower portfolio risk without sacrificing any of 
its return. Investment portfolios that satisfy this requirement are called efficient 
portfolios. This notion is captured by Proposition 1 in section C. 
 
For this purpose, correlation measures are of vital importance to portfolio 
managers and risk managers alike as they provide them with the means to 
estimate the diversification level of their asset allocation choice when designing a 
portfolio. A correlation coefficient approaching the maximum of 1.0 indicates that 
the two investments constituting the asset mix have consistently moved in the 
same direction (perfect synchronicity). A correlation coefficient approaching the 
minimum negative 1.0 indicates that the assets have consistently moved in the 
opposite direction. Such a correlation offers the maximum advantage from a 
diversification perspective. Assets with a zero correlation have moved 
independently. For example, if the DJSM or the DWMI have indeed a low 
correlation with the other equity classes, then a fund including exchange-traded 
funds tracking either index would be particularly effective in reducing the overall 
portfolio’s risk. 
 
As to the international indices incorporated in our analysis, special attention will 
be paid to the small and emerging markets benchmarks. Indeed, it is often 
asserted that emerging market stocks behave like the securities issued by 
smaller companies in developed economies as they both face similar borrowing 
pressures. These correlations will certainly present us with the opportunity to test 
such a statement. Table II presents the correlation coefficients of daily 
annualized returns of the aforementioned stock market indices.11  
 
 
See Table II   in Appendix 
 
Starting with the daily correlation between the two micro-cap indices and the S&P 
500, market returns for these two distinct market cap categories could each be 
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driven by the arrival of new information with no direct link between them. As high 
frequency data, daily returns are particularly suited to addressing this issue. At 
0.72 and 0.69, the two correlations between the DJSM and the S&P 500 on one 
hand, and the DWMI and the S&P 500 on the other, infer that, over the last eight 
years or so, micro-caps have exhibited a moderate level of association with U.S. 
large caps suggesting the possibility of diversification does exist. To provide the 
analysis with additional robustness checks, tests using daily data are coupled 
with both weekly and monthly price return data. The results yield valuable 
additional insights as we find identical qualitative conclusions.12 Overall, the 
tightness of the range as well as the sign pattern attest that the correlations 
between these two equity classes do not contradict each other, as data 
frequency is varied and thereby suggests that this relationship is fairly robust.  
 
On the other hand, the correlations steadily increase as the comparison moves to 
mid-cap (0.83 and 0.81 with the DJSM and DWMI, respectively) and then small-
cap (0.91 and 0.86) stocks. These results, however, should not come as a 
surprise since as one moves from a universe of mid-sized and still very liquid 
stocks to that of less liquid stocks, the similarities with the micro-cap stocks 
become more evident and should be captured by increasingly higher 
correlations. Everything being equal, these coefficients indicate that a mix of 
micro- and large-cap stocks offers investors the best benefits from diversification. 
This relationship also shows robustness as one varies the data frequency to 
weekly and monthly price returns from daily. 
 
Correlation coefficients for the study’s international indices were also calculated. 
Of particular interest is the S&P 500’s correlation with the EAFESC. It’s by far 
Table II’s smallest correlation coefficient at 0.1506. This result is particularly 
stimulating in light of the reported diminishing diversification benefits from 
international large-cap equities. On the other hand, with a correlation coefficient 
of 0.8889 with the S&P 500, the same cannot be said of the MSCI World Index 
as it appears that diversification benefits from combining the two is almost trivial. 
Even though this high figure could also have been exacerbated by the inclusion 
of Canada and the U.S. in the benchmark, this finding seems to epitomize the 
concerns of the many global investors who have been reevaluating long-held 
beliefs that international markets provide diversification benefits in a total portfolio 
context. 13 
 
The performance of the EAFESC is followed by that of the EM and the EAFE 
index with 0.3305 and 0.3993, respectively for the most encompassing holding 
horizon. Although at least twice as high as that of the EAFESC, these two results 
should not be underrated as they compare favorably with the findings associated 
with the study’s micro-cap indices in relation to the S&P 500.14 
 
 The three international indices also indicate diversification benefits when 
combined with our two gauges of the micro-cap markets. Note that the EAFESC 
maintains its dominance in terms of diversification benefits, especially when 
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correlated with the DJSM as indicated by its correlation coefficient in Table II 
(0.3285). Several factors could have potentially prevented the daily prices of their 
components from tracking those of their U.S. counterparts as predicted including 
differing accounting practices, the presence of exchange rate risk, country-
specific regulations, and perhaps even restrictions on capital flows across 
national boundaries for some countries. All of these issues seem to add a new 
dimension to the treatment of portfolio selection; apparently, the combination of 
the EAFESC with either of the micro-cap indices in a portfolio could also present 
the globally-minded investor with palpable benefits and, as such, could play a 
supporting role in a global portfolio. 
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Figure 4: Correlation (with SP500)

 
 
From a dynamic standpoint, the correlation coefficients of each of the indices 
with respect to the market benchmark seem even more robust than the other 
statistics presented so far. Figure 4 confirms that while the micro-caps have 
lower correlation than the small- and mid-cap indices, the EAFESC exhibits the 
lowest correlation of all. Furthermore, the EAFE, EM, and EAFESC correlation 
with respect to the S&P 500 remain under 0.50 for all rolling samples. 
 
B  Market Model  
 
Now we turn to the estimates for the market model presented in section B. The 
relevant coefficient estimates for our analysis are beta and alpha. These 
coefficients capture the co-movement of the indices’ returns relative to the 
market, and the presence, if at all, of abnormal (or subnormal) returns 
respectively. 
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Beta 
As highlighted before, an often measured aspect of an index’ performance is its 
ability to diversify. An alternative way to measure diversification is by the risk 
incurred due to market movements. If we continue to assume that the S&P 500 
represents the market and the other indices as potential candidates for inclusion 
in an overall portfolio, then the first step is to determine each index’ co-movement 
with respect to the market. 
 
Based on the theoretical model set for the paper, we first determine the 
systematic risk of these indices relative to the U.S. market. The ensuing 
estimates for beta can be viewed as standardized measures of systematic risk 
because they relate each individual index covariance to the variance of the 
market portfolio.15 Or simply put, they constitute a risk measure that arises from 
the relationship between the return on the index and the return on the market. 
Betas tell us how the return of an index moves in relation to the market. As such 
it measures the response of each index to market movements. With this in mind, 
the index that co-moves the least, or better yet, moves opposite to the market 
yields the lowest systematic risk. These estimates can be found under Table I’s 
regression statistics. 
 
As our gauge of the market portfolio, by definition beta of the S&P 500 is 1.0 as 
shown in Table I. Hence, if beta derived from applying ordinary least squares 
(OLS) to realized daily returns data is below 1.0, the underlying index shows 
lower sensitivity to the market and thereby implies less volatility than the market. 
If OLS estimator for the beta coefficient, on the other hand, is above 1.0, this is 
indicative of higher sensitivity to the market on the part of the index. From a 
portfolio diversification perspective, a beta that is lower than 1.0 is the desired 
outcome as it reduces the overall portfolio’s systematic risk. If such is the case, 
then a larger proportion of the index in the combined portfolio would be called for.  
 
The classical Capital Asset Pricing Model (CAPM) hypothesis asserting that 
market betas completely explain expected returns has given rise to a heated 
discussion in the academic literature. Among the articles questioning the logic of 
the CAPM by eliciting beliefs that the relation between average return and beta is 
in fact weak are those written by Black, Jensen and Scholes (1972), Fama and 
French (1992, 2004) and Chan and Lakonishok (1993). This, in turn, has 
prompted the financial press to announce that “beta is dead. Others, on the other 
hand, have doubted the stationarity of beta claiming that it moves randomly 
through time. The nonstationarity of beta has been suggested among others by 
Blume as early as 1975 and more recently by Asgharian (2000) and Goetzmann 
et al (2001). The violation of the assumption of stable variance by a shifting beta 
clearly means that the benefits of diversification are not constant. 
 
The evidence from our sample of data doesn’t confirm the failure of the CAPM as 
it doesn’t support the notion that “beta is dead” but, on the other hand, it 
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somewhat challenges the stability of beta, especially for domestic indices. 
Starting with the first assertion, our findings indicate that all the estimates for beta 
as shown in Table I are less than one and significant at least at the 95 percent 
confidence level, thereby indicating that market risk is effectively reduced when 
these indices are combined with our selected proxy of the market benchmark. 

The results associated with the micro-cap indices in particular are highly 
favorable in both size and significance of the beta estimates, hence 
substantiating prior findings that began establishing these two benchmarks as a 
legitimate market cap category, particularly relative to the small- and mid-cap 
asset categories. Of the two micro-cap indices, the DWMI has the lowest beta at 
0.6137, followed by the DJSM at 0.7236 compared with 0.9030 for the S&P 600 
and 0.9438 for the S&P 400. As an illustration, the results associated with the 
micro-cap indices indicate that the DWMI tends to move about 39% less than the 
market (as represented by the S&P 500) whereas the DJSM moves 28% less 
than the market.  
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Figure 5: Beta

 
 
The dynamics of beta for the small cap indices in our sample are also shown in 
Figure 5. In particular, the chart displays the variation of the systematic 
movement of the index relative to the market over time. It suggests that DWMI 
has provided the least systematic risk for this index class. The chart also shows 
that international indices fare even better than domestic indices at reducing 
systematic risk. Special attention should be paid to the EAFESC in particular 
which exhibits the lowest beta of all the indices included in the study followed by 
EM and EAFE. 
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One must however be somewhat cautious in interpreting these results as more 
extensive testing of the stability of beta must be conducted. In our sample of 
rolling observations, Figure 5 also indicates a common trend across indices 
towards larger betas with respect to the market in the more recent periods. It 
shows the micro-caps’ beta drifting upward since 2005. Yet, although the same 
pattern for the beta estimates of the EM, EAFSC, and WORLDSC is also 
noticeable since late 2006, they remain far below one even for the most recent 
time horizons. The consistency of their results throughout the moving time 
horizons included in the study, show that international indices overall and the 
EAFESC in particular are more capable than domestic indices of reducing 
systematic risk when combined with the market portfolio. 
.  
Alpha 
According to our market model, funds’ returns consist of two components: a part 
that is attributable to their exposure to systematic risk, commonly referred as 
beta as previously discussed, and a so-called part generated by alpha which 
cannot be explained by the funds exposure to systematic risk.  
 
This model implies that superior performance requires a positive alpha and, as 
such, the latter is also an important performance measure. A positive alpha 
(αt>0) within the study’s context means that the index has earned a persistent 
average rate of return over a sampled period that is independent of the index’s 
level of systematic risk. This represents a superior performance on the part of the 
index. This index’s alpha will be negative, αt<0, over that sampled period if, on 
the other hand, the stocks comprising the index are on average yielding negative 
returns independently of the market movements. This means that this index has 
performed poorly. If an index’s alpha is equal to zero (αt=0), then the index is not 
yielding either abnormal or subnormal returns relative the market. 
 
The alpha estimates from our simple linear regressions are used to evaluate the 
investment performance of each of the indices included in the study. The study’s 
corollary is that if all the alphas turn out to be zero, then the benefit from mixing 
the S&P 500 with the other indices will come from a reduction in the systematic 
risk, which even in itself remains a positive outcome for a portfolio manager. If, 
on the other hand, they happen to be different from zero, we should not expect 
these alpha estimates to be excessively high as the sample from which they are 
derived represent benchmarks rather than actively managed portfolios.  
 
From Table I, we can observe that most alphas are positive and significantly 
different from zero. The DJSM, DWMI, EM and EAFESC, in particular, have 
consistently generated alpha. 16 At first, these results came as surprise to us in 
view of the fact that these are indices not actively managed funds. But on the 
other hand, this could mean that, as information become more and more scarce, 
one should expect progressively more mispriced securities in the lower market-
cap segments of the market, which, in turn translates into alpha opportunities for 
the aforementioned indices.  
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Across sub-samples, beginning in mid 2005, Figure 6 shows that all indices 
seem to exhibit a hump shape in alpha that continues through 2007. It is 
necessary to point out that the statistical significance of the estimates for alpha 
varies across samples. In appendix B, we provide the same set of statistics as in 
Table I for different sub-samples, but based this time on weekly and monthly 
annualized returns. It shows that the results are fairly robust across data 
frequencies. 
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Figure 6: Alpha

 
 
The finance literature has often questioned the degree to which securities are 
fairly priced in smaller capitalization equities and equities from the emerging 
markets given information that is known about their issuers. It has suggested that 
these markets are potential sources of excess returns on the grounds that they 
might be less efficient than the markets for large-capitalization stocks. In 
essence, this study reaches the same conclusions. Perhaps, either the alpha we 
are referring to is spurious, herein resulting from the imperfect specification of the 
chosen model (regression against the S&P 500) and thereby should take this 
result with a grain of salt or, which is more likely, ensuing from the “survivorship 
bias” and or “self-selection bias” that often characterize index construction. In this 
case the survivorship bias results from periodically removing unsuccessful 
companies from the index (only their successful counterparts remain) whereas 
self-selection bias causes the latter to be affected by the set of selection 
strategies used by the index provider in the process of compiling the index; both 
creating a positive bias since skewing the index toward a set of “performing” 
stocks on a going-forward basis.      
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Adjusted Alpha 
Note that one cannot use alpha to rank performance of different assets. Although 
it does have asset-pricing implications and it measure excess returns empirically, 
it is not suitable for ranking purposes unless it is divided by beta to also account 
for the level of systematic risk.17 For example, in Table I, EAFESC and EM have 
roughly the same alpha over the sample period. It cannot be concluded, 
however, that these two indices have performed equally well simply because 
their alphas are similar. This is because EM has essentially three times the level 
of systematic risk of EAFESC (0.3030 vs 0.1086) and as such its adjusted alpha 
is in effect one third of EAFESC (0.6738 vs 1.7913). The micro-caps exhibit the 
third and fourth highest-adjusted alphas following the EAFESC and the 
WORLDSC. 
 
IV. Concluding Remarks 
 
This paper analyzes the dynamic diversification and returns properties of a set of 
domestic and international indices as components of an overall investment 
strategy. We rank these indices according to their risk adjusted returns, their 
ability to reduce systematic risk, the diversification benefits they contribute to the 
portfolio, as well as their potential to generate alpha.  
 
Starting with U.S. indices, by establishing the dominance of the DWMI and the 
DJSM this study has in effect outlined the importance of the micro-cap market for 
investment strategies based on the short-, medium- and long-term periods. As 
such, this finding should be considered as bridging an important void left open by 
the academic literature as it has showed little interest into this segment of the 
market. In comparison to the S&P 600 and the S&P 400, they exhibit greater 
potential returns while contributing more effectively to a reduction in systematic 
risk.  
 
Also, current market inefficiencies unique to the micro-cap space create an 
environment with the potential to generate some alpha. Clearly, the listed 
benefits of this asset class are not separated from its unique challenges ranging 
from liquidity and business risks to corporate governance and transparency. But 
the bottom-up approach and constant reevaluation of the content of the micro-
cap indices on the part of their compilers in terms of weeding out companies that 
are more likely to succumb to adverse economic conditions or suffer from limited 
access to capital markets, particularly at periods of tight credit conditions are two 
of the best known ways to date to mitigate these risks. Our overall portfolio 
strategy also includes international indices. Our findings indicate that our gauges 
of international small-cap stocks (EAFESC) and emerging markets stocks (EM) 
offer the largest diversification benefit and risk-adjusted returns.  
 
Overall, our proxies of U.S. micro-cap, international small-cap and emerging 
market stocks give U.S. investors four interrelated reasons for considering 
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investments linked to these indices. First, they present them with opportunities to 
broaden their horizons as ignoring these market categories considerably reduce 
their choices. Second, our findings show their risk-adjusted returns are 
substantially higher than those exhibited by the small- (excluding micro-caps), 
medium- and large-cap indices.  Third, they also provide risk reduction via 
diversification in terms of favorable correlations with the S&P 500 as a core 
portfolio and also by means of a decrease in systematic risk via-à-vis the same 
benchmark. Intuitively, smaller firms tend to grow faster and are less subject to 
U.S. aggregate shocks. Fourth, but not least, because of the nature of the stocks 
comprising these indices, they also present investors with compelling potential 
returns in terms of alpha. Surprisingly, their volatility is also much lower than 
expected. It is in fact in line with that of the S&P 500. These results, which were 
found to be robust across the various holding horizons considered in our study, 
show that indices of less established firms and emerging market firms can exhibit 
after all higher returns and lower risks. 
 
Surely, these results should be treated with some caution as the 1999-2007 time-
period examined is relatively short and assesses past performance. It is therefore 
possible the results are time-period specific and do not fairly represent a longer 
historical record. Hence, it’s important that these findings are periodically 
reassessed as more data become available. Future research should also 
consider the introduction of other micro-cap, international small-cap and 
emerging markets indices as other index compilers make them available. After 
all, their providers often pursue different methodologies when compiling them. 
The inevitable ensuing differences in both the content of the index and the 
weights allocated to its constituents could very well have an impact on its 
performance.  
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Appendix A 
This appendix proves Proposition 1 (by contradiction). 
Suppose var{[δri + (1 - δ)rj ]α} ≥ var(riα). 
Then, 
α2var [δri + (1 - δ)rj ] ≥ α2var(ri) 
δ2var (ri) + (1 - δ) 2 var(rj) + 2δ(1 - δ)cov (ri, rj) ≥ var(ri) 
δ2var (ri) + (1 - 2δ + δ 2) var(rj) + 2δ(1 - δ)cov (ri, rj) ≥ var(ri) 
(δ 2 + 1 - 2δ + δ 2 - 1) var(ri) + 2δ(1 - δ)cov (ri, rj) ≥ 0 
2(δ 2  - δ) var(ri) + 2δ(1 - δ)cov (ri, rj) ≥ 0 
(δ 2  - δ) var(ri) + δ(1 - δ)cov (ri, rj) ≥ 0 
δ 2  var(ri) – δ var(ri) + δ (1 - δ)cov (ri, rj) ≥ 0 
δ  var(ri) – var(ri) + (1 - δ)cov (ri, rj) ≥ 0 
(1 - δ)cov (ri, rj) ≥ (1 - δ) var (ri) 
cov (ri, rj) ≥ var (ri) 
ρi,j σiσ j ≥ var (ri) 
ρi,j var (ri) ≥ var (ri) 
ρi,j ≥ 1 contradicts ρi,j ∈ [-1; 1). 
 
 
 
 
Appendix B 
This appendix compiles a set of alternative statistics based on yearly decreasing 
sample sizes that converge to March 31st of 2007. 
 



 

24 

 

 

Appendix B: Performance Statistics 

1999 - March 2007 (Obs=400)

Weekly 
DWMI 

DJM 
S&P 600 

S&P 400 
S&P 500 

EAFE 
EAFESC 

EM 
WORLD 

WORLDSC 

Sample Statistics 

Mean 
0.1428 

0.1851 
0.1102 

0.0955 
0.0066 

0.0577 
0.1444 

0.1619 
0.0284 

0.1366 

Std Dev 
0.1926 

0.1895 
0.1890 

0.1781 
0.1636 

0.1495 
0.1410 

0.1909 
0.1453 

0.1476 

Sharpe Ratio 
0.5165 

0.7484 
0.3537 

0.2933 
-0.2247 

0.0963 
0.7169 

0.6216 
-0.1029 

0.6325 

Regression Statistics 

Alpha 
0.1370 

0.1787 
0.1034 

0.0888 
0.0000 

0.0533 
0.1416 

0.1567 
0.0228 

0.1319 

St Error
0.0073 

0.0065 
0.0055 

0.0043 
0.0000 

0.0053 
0.0063 

0.0077 
0.0025 0.0052 

T-Statistic 
18.8166 27.3027 18.6519 20.6163 0.0000 10.0345 22.3606 20.3402 9.1835 25.5842 

Beta 0.7714 0.8389 0.9367 0.9537 1.0000 0.6443 0.3818 0.6900 0.8350 0.6463 
St Error

0.0446 0.0401 0.0339 0.0264 0.0000 0.0325 0.0388 0.0472 0.0152 0.0315 
T-Statistic 17.3057 20.9421 27.5996 36.1924 0.0000 19.8295 9.8512 14.6295 55.0442 20.4855 

R 
2 0.4294 0.5242 0.6568 0.7670 1.0000 0.4970 0.1960 0.3497 0.8839 0.5132 

2000 - March 2007 (Obs=353)Weekly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD WORLDSC Sample Statistics Mean 0.1270 0.2033 0.1208 0.0995 -0.0035 0.0502 0.1471 0.1282 0.0183 0.1337 Std Dev 0.1983 0.1947 0.1944 0.1816 0.1607 0.1527 0.1443 0.1894 0.1467 0.1522 
Sharpe Ratio 0.4255 0.8257 0.4020 0.3132 -0.2866 0.0495 0.7245 0.4519 -0.1656 0.5986 

Regression Statistics 
Alpha 0.1302 0.2071 

0.1247 0.1033 
0.0000 

0.0527 
0.1489 

0.1310 
0.0214 

0.1365 
St Error

0.0077 
0.0069 

0.0057 
0.0043 

0.0000 
0.0055 

0.0067 
0.0080 

0.0025 
0.0053 

T-Statistic 
16.8423 

30.0292 
22.0171 

24.1462 

Std Dev 0.1545 0.1755 0.1728 0.1554 0.1401 0.1452 0.1460 0.1775 0.1340 0.1469 
Sharpe Ratio 0.7895 0.7009 0.4397 0.4121 0.0143 0.6340 1.2813 1.1188 0.3272 0.8428 

Regression Statistics 
Alpha 0.1240 0.1169 0.0683 0.0589 0.0000 0.0971 0.2033 0.2025 0.0446 0.1254 

St Error 0.0065 0.0069 0.0057 0.0041 0.0000 0.0060 0.0080 0.0091 0.0028 0.0057 
T-Statistic 19.0119 16.9854 12.0736 14.5495 0.0000 16.0973 25.4023 22.2484 16.1451 21.9948 

Beta 0.8160 0.9782 1.0529 1.0087 1.0000 0.7770 0.5091 0.7318 0.9031 0.8245 
St Error 0.0466 0.0492 0.0404 0.0289 0.0000 0.0431 0.0572 0.0650 0.0197 0.0407 
T-Statistic 17.5116 19.9013 26.0672 34.8557 0.0000 18.0350 8.9055 11.2532 45.8033 20.2414 

R 2 0.5479 0.6102 0.7287 0.8276 1.0000 0.5625 0.2387 0.3336 0.8924 0.6182 

Panel A - Based on Annualized Weekly Returns 
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2003- March 2007 (Obs=207)

Weekly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.2240 0.2111 0.1885 0.1732 0.1130 0.2181 0.3204 0.3202 0.1632 0.2597

Std Dev 0.1503 0.1728 0.1642 0.1436 0.1187 0.1335 0.1422 0.1694 0.1182 0.1413

Sharpe Ratio 1.1956 0.9656 0.8783 0.8978 0.5786 1.3023 1.9423 1.6290 1.0065 1.5245

Regression Statistics

Alpha 0.0981 0.0625 0.0443 0.0430 0.0000 0.1121 0.2338 0.1974 0.0525 0.1359

St Error 0.0063 0.0066 0.0056 0.0042 0.0000 0.0061 0.0085 0.0091 0.0028 0.0058

T-Statistic 15.5654 9.5313 7.9181 10.2444 0.0000 18.3284 27.6419 21.6296 18.4634 23.5581

Beta 1.0164 1.2254 1.2104 1.1007 1.0000 0.8523 0.6365 0.9152 0.9355 0.9689

St Error 0.0528 0.0549 0.0469 0.0352 0.0000 0.0513 0.0709 0.0765 0.0238 0.0484

T-Statistic 19.2442 22.3110 25.8321 31.2990 0.0000 16.6211 8.9798 11.9613 39.2481 20.0322

R2 0.6437 0.7083 0.7650 0.8270 1.0000 0.5740 0.2823 0.4110 0.8825 0.6619

2004 - March 2007 (Obs=159)

Weekly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1118 0.1519 0.1552 0.1403 0.0842 0.1831 0.2605 0.2811 0.1322 0.2004

Std Dev 0.1453 0.1696 0.1601 0.1392 0.1050 0.1307 0.1434 0.1780 0.1099 0.1371

Sharpe Ratio 0.4630 0.6330 0.6918 0.6884 0.3778 1.0599 1.5065 1.3294 0.7979 1.1374

Regression Statistics

Alpha 0.0108 0.0265 0.0340 0.0332 0.0000 0.0990 0.1828 0.1701 0.0472 0.0999

St Error 0.0061 0.0064 0.0056 0.0043 0.0000 0.0071 0.0094 0.0107 0.0034 0.0061

T-Statistic 1.7692 4.1691 6.1063 7.6728 0.0000 13.9297 19.5310 15.9671 13.9745 16.3511

Beta 1.1789 1.4264 1.3727 1.2220 1.0000 0.9137 0.7898 1.1249 0.9660 1.0845

St Error 0.0578 0.0605 0.0530 0.0411 0.0000 0.0675 0.0889 0.1012 0.0321 0.0580

T-Statistic 20.3797 23.5807 25.9160 29.7384 0.0000 13.5340 8.8830 11.1128 30.1072 18.6898

R
2 0.7257 0.7798 0.8105 0.8492 1.0000 0.5385 0.3345 0.4403 0.8524 0.6899

2005- March 2007 (Obs=112)

Weekly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.0786 0.1179 0.1190 0.1226 0.0774 0.1833 0.2490 0.2821 0.1307 0.1767

Std Dev 0.1348 0.1663 0.1576 0.1385 0.1029 0.1300 0.1421 0.1731 0.1106 0.1344

Sharpe Ratio 0.2459 0.4352 0.4661 0.5568 0.3098 1.0607 1.4320 1.3671 0.7701 0.9761

Regression Statistics

Alpha -0.0064 0.0059 0.0105 0.0241 0.0000 0.0997 0.1740 0.1743 0.0494 0.0849

St Error 0.0069 0.0076 0.0068 0.0053 0.0000 0.0078 0.0108 0.0117 0.0038 0.0070

T-Statistic -0.9271 0.7747 1.5567 4.5539 0.0000 12.8573 16.0931 14.8438 12.9349 12.0632

Beta 1.1023 1.4166 1.3683 1.2333 1.0000 0.9855 0.8330 1.1824 1.0022 1.0914

St Error 0.0675 0.0742 0.0657 0.0513 0.0000 0.0753 0.1050 0.1140 0.0371 0.0683

T-Statistic 16.3398 19.0984 20.8396 24.0242 0.0000 13.0872 7.9317 10.3698 27.0333 15.9756

R2 0.7082 0.7683 0.7979 0.8399 1.0000 0.6089 0.3638 0.4943 0.8692 0.6988

2006 - March 2007 (Obs=63)

Weekly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1219 0.1320 0.1370 0.1145 0.1080 0.2143 0.2124 0.2395 0.1575 0.1727

Std Dev 0.1445 0.1716 0.1584 0.1435 0.1070 0.1495 0.1678 0.1905 0.1241 0.1503

Sharpe Ratio 0.5322 0.5073 0.5809 0.4845 0.5885 1.1322 0.9976 1.0208 0.9066 0.8494

Regression Statistics

Alpha -0.0028 -0.0231 -0.0079 -0.0166 0.0000 0.0747 0.0895 0.0845 0.0343 0.0387

St Error 0.0097 0.0098 0.0089 0.0076 0.0000 0.0100 0.0160 0.0166 0.0051 0.0104

T-Statistic -0.2879 -2.3639 -0.8863 -2.1868 0.0000 7.4868 5.5777 5.0871 6.7036 3.7349

Beta 1.1496 1.4373 1.3299 1.2215 1.0000 1.1934 1.0444 1.3056 1.0987 1.1847

St Error 0.0908 0.0911 0.0832 0.0711 0.0000 0.0931 0.1498 0.1551 0.0478 0.0968

T-Statistic 12.6563 15.7769 15.9777 17.1809 0.0000 12.8130 6.9711 8.4189 22.9691 12.2427

R
2 0.7242 0.8032 0.8071 0.8287 1.0000 0.7291 0.4434 0.5375 0.8964 0.7107  
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2007 - March 2007 (Obs=13)

Weekly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.0693 0.0440 0.1411 0.2530 0.0162 0.1596 0.3024 0.0917 0.0952 0.2181

Std Dev 0.1613 0.1784 0.1783 0.1613 0.1382 0.1448 0.1279 0.1879 0.1416 0.1472

Sharpe Ratio 0.1525 -0.0038 0.5410 1.2918 -0.2061 0.7937 2.0153 0.2501 0.3568 1.1779

Regression Statistics

Alpha 0.0508 0.0235 0.1187 0.2306 0.0000 0.1410 0.2858 0.0714 0.0775 0.1986

St Error 0.0171 0.0149 0.0144 0.0117 0.0000 0.0115 0.0184 0.0279 0.0058 0.0141

T-Statistic 2.9687 1.5739 8.2417 19.7088 0.0000 12.3147 15.5606 2.5565 13.2985 14.1325

Beta 1.0861 1.2354 1.2384 1.1294 1.0000 1.0076 0.8034 1.1668 1.0141 1.0054

St Error 0.1288 0.1124 0.1084 0.0881 0.0000 0.0862 0.1383 0.2104 0.0439 0.1058

T-Statistic 8.4293 10.9932 11.4220 12.8244 0.0000 11.6878 5.8109 5.5471 23.1044 9.5027

R2 0.8659 0.9166 0.9222 0.9373 1.0000 0.9255 0.7543 0.7367 0.9798 0.8914

1994 - March 2007 (Obs=152)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1433 0.1749 0.1114 0.1291 0.0975 0.0632 0.0552 0.0593 0.0771 0.0842

Std Dev 0.2171 0.1881 0.1747 0.1616 0.1418 0.1402 0.1503 0.2272 0.1332 0.1533

Sharpe Ratio 0.5053 0.7513 0.4455 0.5911 0.4507 0.2108 0.1439 0.1130 0.3265 0.3301

Regression Statistics

Alpha 0.0491 0.0828 0.0223 0.0308 0.0000 -0.0093 -0.0003 -0.0433 -0.0079 0.0117

St Error 0.0143 0.0116 0.0099 0.0068 0.0000 0.0075 0.0104 0.0138 0.0038 0.0092

T-Statistic 3.4322 7.1200 2.2596 4.5298 0.0000 -1.2474 -0.0329 -3.1394 -2.0745 1.2651

Beta 0.9273 0.8829 0.8991 0.9813 1.0000 0.7574 0.5804 1.0906 0.8822 0.7444

St Error 0.0994 0.0808 0.0687 0.0473 0.0000 0.0519 0.0724 0.0958 0.0264 0.0640

T-Statistic 9.3266 10.9248 13.0833 20.7567 0.0000 14.5961 8.0148 11.3848 33.4526 11.6304

R2 0.3671 0.4431 0.5330 0.7418 1.0000 0.5868 0.2998 0.4635 0.8818 0.4742

1995 - March 2007 (Obs=141)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1660 0.1934 0.1277 0.1469 0.1095 0.0696 0.0615 0.0720 0.0857 0.0945

Std Dev 0.2232 0.1927 0.1774 0.1644 0.1441 0.1428 0.1533 0.2283 0.1357 0.1567

Sharpe Ratio 0.5876 0.8232 0.5237 0.6817 0.5181 0.2436 0.1740 0.1630 0.3749 0.3808

Regression Statistics

Alpha 0.0587 0.0893 0.0279 0.0363 0.0000 -0.0117 -0.0010 -0.0422 -0.0098 0.0128

St Error 0.0154 0.0125 0.0105 0.0073 0.0000 0.0079 0.0111 0.0144 0.0040 0.0098

T-Statistic 3.8169 7.1569 2.6465 4.9772 0.0000 -1.4759 -0.0914 -2.9261 -2.4484 1.3032

Beta 0.9327 0.8848 0.8939 0.9785 1.0000 0.7592 0.5828 1.0806 0.8848 0.7462

St Error 0.1049 0.0850 0.0718 0.0497 0.0000 0.0540 0.0754 0.0982 0.0273 0.0671

T-Statistic 8.8947 10.4103 12.4533 19.6788 0.0000 14.0598 7.7249 10.9999 32.4476 11.1271

R
2 0.3627 0.4381 0.5273 0.7359 1.0000 0.5871 0.3004 0.4654 0.8834 0.4711

1996 - March 2007 (Obs=129)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1496 0.1804 0.1134 0.1344 0.0898 0.0666 0.0688 0.0850 0.0763 0.0927

Std Dev 0.2312 0.1993 0.1823 0.1701 0.1489 0.1446 0.1568 0.2343 0.1393 0.1617

Sharpe Ratio 0.4798 0.7108 0.4097 0.5628 0.3431 0.1929 0.1921 0.1977 0.2700 0.3340

Regression Statistics

Alpha 0.0612 0.0942 0.0312 0.0428 0.0000 -0.0013 0.0156 -0.0138 -0.0029 0.0242

St Error 0.0165 0.0134 0.0112 0.0078 0.0000 0.0080 0.0116 0.0149 0.0039 0.0104

T-Statistic 3.7013 7.0464 2.7966 5.5118 0.0000 -0.1587 1.3425 -0.9273 -0.7402 2.3220

Beta 0.9349 0.8873 0.8932 0.9830 1.0000 0.7637 0.5941 1.1098 0.8884 0.7533

St Error 0.1100 0.0889 0.0742 0.0516 0.0000 0.0532 0.0771 0.0990 0.0260 0.0694

T-Statistic 8.4991 9.9798 12.0301 19.0593 0.0000 14.3626 7.7020 11.2143 34.1530 10.8556

R2 0.3626 0.4395 0.5326 0.7410 1.0000 0.6189 0.3184 0.4975 0.9018 0.4813

Panel B - Based on Annualized Monthly Returns
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1997 - March 2007 (Obs=117)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1463 0.1670 0.1037 0.1298 0.0782 0.0687 0.0758 0.0891 0.0719 0.0933

Std Dev 0.2361 0.2035 0.1865 0.1748 0.1525 0.1502 0.1616 0.2433 0.1441 0.1673

Sharpe Ratio 0.4436 0.6161 0.3330 0.5042 0.2401 0.1803 0.2113 0.1952 0.2100 0.3093

Regression Statistics

Alpha 0.0681 0.0912 0.0318 0.0488 0.0000 0.0076 0.0280 -0.0006 0.0017 0.0323

St Error 0.0176 0.0141 0.0119 0.0082 0.0000 0.0086 0.0125 0.0159 0.0042 0.0113

T-Statistic 3.8791 6.4572 2.6720 5.9257 0.0000 0.8831 2.2466 -0.0357 0.4017 2.8724

Beta 0.9434 0.8977 0.8972 0.9915 1.0000 0.7819 0.6036 1.1416 0.8994 0.7636

St Error 0.1145 0.0921 0.0775 0.0537 0.0000 0.0559 0.0812 0.1040 0.0271 0.0734

T-Statistic 8.2428 9.7452 11.5783 18.4765 0.0000 13.9986 7.4299 10.9808 33.2288 10.4020

R2 0.3714 0.4523 0.5383 0.7480 1.0000 0.6302 0.3243 0.5118 0.9057 0.4848

1998 - March 2007 (Obs=105)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1375 0.1516 0.0870 0.1099 0.0529 0.0750 0.1184 0.1139 0.0630 0.1106

Std Dev 0.2413 0.2072 0.1888 0.1769 0.1510 0.1497 0.1601 0.2433 0.1448 0.1695

Sharpe Ratio 0.3976 0.5311 0.2409 0.3865 0.0753 0.2241 0.4807 0.2978 0.1486 0.4080

Regression Statistics

Alpha 0.0806 0.0968 0.0362 0.0533 0.0000 0.0306 0.0799 0.0481 0.0137 0.0649

St Error 0.0185 0.0147 0.0124 0.0086 0.0000 0.0082 0.0121 0.0162 0.0039 0.0114

T-Statistic 4.3495 6.5855 2.9144 6.1966 0.0000 3.7058 6.6316 2.9685 3.5023 5.6931

Beta 1.0010 0.9532 0.9305 1.0191 1.0000 0.8219 0.6838 1.1868 0.9219 0.8208

St Error 0.1228 0.0973 0.0824 0.0570 0.0000 0.0546 0.0798 0.1074 0.0260 0.0755

T-Statistic 8.1514 9.7919 11.2992 17.8724 0.0000 15.0492 8.5652 11.0485 35.4740 10.8741

R
2 0.3921 0.4821 0.5535 0.7562 1.0000 0.6874 0.4160 0.5424 0.9243 0.5345

1999 - March 2007 (Obs=93)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1612 0.1693 0.0964 0.0958 0.0249 0.0594 0.1238 0.1633 0.0408 0.1229

Std Dev 0.2375 0.1977 0.1767 0.1586 0.1404 0.1434 0.1531 0.2132 0.1369 0.1616

Sharpe Ratio 0.4989 0.6403 0.3041 0.3346 -0.1268 0.1164 0.5301 0.5657 -0.0138 0.4962

Regression Statistics

Alpha 0.1336 0.1437 0.0731 0.0704 0.0000 0.0376 0.1050 0.1317 0.0171 0.1009

St Error 0.0201 0.0158 0.0132 0.0088 0.0000 0.0084 0.0123 0.0149 0.0040 0.0120

T-Statistic 6.6419 9.1213 5.5386 8.0029 0.0000 4.4926 8.5173 8.8690 4.3143 8.4170

Beta 0.9902 0.9098 0.8795 0.9569 1.0000 0.8462 0.6940 1.1311 0.9371 0.8098

St Error 0.1438 0.1127 0.0944 0.0629 0.0000 0.0599 0.0881 0.1062 0.0284 0.0858

T-Statistic 6.8845 8.0741 9.3130 15.2020 0.0000 14.1215 7.8729 10.6477 32.9812 9.4422

R2 0.3425 0.4174 0.4880 0.7175 1.0000 0.6867 0.4052 0.5547 0.9228 0.4949

2000 - March 2007 (Obs=83)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1343 0.1877 0.1018 0.0949 0.0047 0.0291 0.1150 0.1150 0.0143 0.1077

Std Dev 0.2379 0.1989 0.1779 0.1582 0.1412 0.1453 0.1582 0.2089 0.1382 0.1651

Sharpe Ratio 0.3729 0.7146 0.3162 0.3119 -0.2893 -0.1135 0.4384 0.3322 -0.2264 0.3760

Regression Statistics

Alpha 0.1291 0.1826 0.0972 0.0900 0.0000 0.0249 0.1110 0.1092 0.0098 0.1033

St Error 0.0213 0.0164 0.0137 0.0087 0.0000 0.0086 0.0129 0.0151 0.0040 0.0126

T-Statistic 6.0533 11.1175 7.0888 10.3387 0.0000 2.8845 8.5951 7.2173 2.4274 8.1679

Beta 0.9839 0.9355 0.9020 0.9712 1.0000 0.8667 0.7546 1.1170 0.9437 0.8422

St Error 0.1519 0.1170 0.0977 0.0620 0.0000 0.0615 0.0920 0.1078 0.0288 0.0901

T-Statistic 6.4761 7.9968 9.2352 15.6702 0.0000 14.0855 8.1993 10.3644 32.8087 9.3470

R
2 0.3411 0.4412 0.5129 0.7520 1.0000 0.7101 0.4535 0.5701 0.9300 0.5189  
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2001 - March 2007 (Obs=71)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1849 0.1882 0.0952 0.0807 0.0215 0.0615 0.1513 0.2066 0.0412 0.1291

Std Dev 0.1969 0.1745 0.1644 0.1512 0.1364 0.1458 0.1545 0.2074 0.1367 0.1572

Sharpe Ratio 0.7022 0.8109 0.2951 0.2245 -0.1849 0.1016 0.6771 0.7709 -0.0403 0.5242

Regression Statistics

Alpha 0.1573 0.1642 0.0724 0.0580 0.0000 0.0408 0.1318 0.1760 0.0199 0.1065

St Error 0.0148 0.0135 0.0110 0.0078 0.0000 0.0086 0.0129 0.0147 0.0039 0.0104

T-Statistic 10.6291 12.1229 6.5563 7.4226 0.0000 4.7378 10.2054 11.9383 5.1269 10.2156

Beta 1.1231 0.9741 0.9981 1.0003 1.0000 0.9300 0.8103 1.2234 0.9741 0.9592

St Error 0.1092 0.0999 0.0814 0.0577 0.0000 0.0635 0.0953 0.1088 0.0286 0.0769

T-Statistic 10.2841 9.7501 12.2580 17.3433 0.0000 14.6367 8.5017 11.2461 34.0269 12.4729

R2 0.6052 0.5794 0.6853 0.8134 1.0000 0.7564 0.5116 0.6470 0.9438 0.6927

2002 - March 2007 (Obs=59)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1671 0.1446 0.0978 0.0959 0.0513 0.1277 0.2165 0.2546 0.0885 0.1540

Std Dev 0.1766 0.1633 0.1518 0.1319 0.1206 0.1349 0.1383 0.1817 0.1236 0.1465

Sharpe Ratio 0.6616 0.5770 0.3127 0.3459 0.0085 0.5738 1.2018 1.1243 0.3094 0.7078

Regression Statistics

Alpha 0.1026 0.0855 0.0428 0.0439 0.0000 0.0747 0.1699 0.1832 0.0359 0.0975

St Error 0.0145 0.0133 0.0115 0.0079 0.0000 0.0089 0.0132 0.0148 0.0040 0.0107

T-Statistic 7.0569 6.4190 3.7137 5.5672 0.0000 8.3500 12.8271 12.3782 8.8804 9.0871

Beta 1.1451 1.0665 1.0304 0.9759 1.0000 0.9674 0.7909 1.1865 0.9928 1.0114

St Error 0.1207 0.1105 0.0956 0.0654 0.0000 0.0743 0.1099 0.1229 0.0336 0.0890

T-Statistic 9.4856 9.6496 10.7775 14.9200 0.0000 13.0270 7.1954 9.6570 29.5596 11.3614

R
2 0.6122 0.6203 0.6708 0.7961 1.0000 0.7486 0.4760 0.6207 0.9388 0.6937

2003- March 2007 (Obs=49)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.2568 0.2200 0.1889 0.1764 0.1201 0.2215 0.3224 0.3525 0.1692 0.2649

Std Dev 0.1595 0.1486 0.1331 0.1115 0.0840 0.1092 0.1254 0.1684 0.0913 0.1287

Sharpe Ratio 1.2614 1.1066 1.0009 1.0829 0.7685 1.5190 2.1272 1.7635 1.2441 1.6255

Regression Statistics

Alpha 0.0601 0.0315 0.0230 0.0327 0.0000 0.0831 0.1757 0.1467 0.0407 0.0939

St Error 0.0150 0.0125 0.0113 0.0086 0.0000 0.0097 0.0138 0.0177 0.0046 0.0108

T-Statistic 4.0048 2.5174 2.0421 3.7948 0.0000 8.5767 12.6910 8.2829 8.9383 8.7106

Beta 1.5113 1.4870 1.3287 1.1520 1.0000 1.0675 1.0507 1.4753 1.0303 1.2912

St Error 0.1678 0.1401 0.1263 0.0965 0.0000 0.1084 0.1549 0.1982 0.0509 0.1207

T-Statistic 9.0063 10.6166 10.5238 11.9318 0.0000 9.8521 6.7810 7.4448 20.2355 10.7001

R2 0.6331 0.7057 0.7021 0.7518 1.0000 0.6738 0.4945 0.5411 0.8970 0.7090

2004 - March 2007 (Obs=37)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1088 0.1216 0.1297 0.1245 0.0748 0.1779 0.2448 0.2989 0.1247 0.1784

Std Dev 0.1435 0.1390 0.1247 0.1024 0.0695 0.0948 0.1176 0.1737 0.0774 0.1169

Sharpe Ratio 0.3725 0.4768 0.5967 0.6760 0.2811 1.2927 1.6112 1.4026 0.8974 1.0527

Regression Statistics

Alpha -0.0215 -0.0062 0.0148 0.0256 0.0000 0.0946 0.1522 0.1384 0.0450 0.0700

St Error 0.0136 0.0132 0.0121 0.0088 0.0000 0.0109 0.0157 0.0203 0.0053 0.0122

T-Statistic -1.5756 -0.4739 1.2233 2.8982 0.0000 8.6640 9.6704 6.8124 8.4386 5.7279

Beta 1.7316 1.6790 1.4905 1.2789 1.0000 1.0241 1.0848 1.8519 1.0222 1.3455

St Error 0.1899 0.1835 0.1689 0.1234 0.0000 0.1523 0.2195 0.2834 0.0745 0.1705

T-Statistic 9.1171 9.1475 8.8251 10.3640 0.0000 6.7262 4.9421 6.5353 13.7297 7.8925

R
2 0.7037 0.7051 0.6899 0.7542 1.0000 0.5638 0.4110 0.5496 0.8434 0.6403  
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2005- March 2007 (Obs=27)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.0767 0.1134 0.1131 0.1210 0.0756 0.1723 0.2226 0.2898 0.1247 0.1628

Std Dev 0.1320 0.1261 0.1218 0.1009 0.0674 0.0929 0.1142 0.1791 0.0741 0.1098

Sharpe Ratio 0.1396 0.4368 0.4500 0.6214 0.2564 1.2271 1.4385 1.2924 0.8952 0.9521

Regression Statistics

Alpha -0.0408 -0.0056 -0.0020 0.0233 0.0000 0.0972 0.1448 0.1212 0.0477 0.0621

St Error 0.0160 0.0145 0.0140 0.0114 0.0000 0.0143 0.0198 0.0251 0.0070 0.0145

T-Statistic -2.5481 -0.3850 -0.1443 2.0554 0.0000 6.7903 7.3019 4.8234 6.7772 4.2850

Beta 1.5831 1.5526 1.5006 1.2546 1.0000 0.9155 0.9128 1.9469 0.9759 1.2508

St Error 0.2305 0.2087 0.2015 0.1636 0.0000 0.2063 0.2856 0.3619 0.1015 0.2088

T-Statistic 6.8687 7.4380 7.4454 7.6699 0.0000 4.4371 3.1959 5.3791 9.6154 5.9914

R2 0.6536 0.6888 0.6892 0.7018 1.0000 0.4406 0.2901 0.5365 0.7872 0.5895

2006 - March 2007 (Obs=15)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1298 0.1339 0.1440 0.1224 0.1109 0.2211 0.2040 0.2619 0.1625 0.1741

Std Dev 0.1219 0.1118 0.1130 0.0929 0.0585 0.0866 0.1172 0.1715 0.0686 0.1131

Sharpe Ratio 0.5923 0.6827 0.7652 0.6982 0.9113 1.8882 1.2488 1.1914 1.5299 1.0306

Regression Statistics

Alpha -0.0353 -0.0273 -0.0100 -0.0023 0.0000 0.0902 0.0444 0.0042 0.0416 0.0131

St Error 0.0257 0.0220 0.0241 0.0200 0.0000 0.0179 0.0262 0.0348 0.0094 0.0236

T-Statistic -1.3698 -1.2420 -0.4139 -0.1133 0.0000 5.0357 1.6939 0.1219 4.4460 0.5536

Beta 1.5004 1.4576 1.3759 1.1202 1.0000 1.0866 1.3587 2.1834 1.0479 1.4069

St Error 0.4009 0.3425 0.3757 0.3120 0.0000 0.2789 0.4086 0.5425 0.1457 0.3677

T-Statistic 3.7426 4.2556 3.6619 3.5901 0.0000 3.8962 3.3252 4.0247 7.1899 3.8266

R
2 0.5186 0.5821 0.5077 0.4979 1.0000 0.5387 0.4596 0.5548 0.7991 0.5297

2007 - March 2007 (Obs=3)

Monthly DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.0569 0.0288 0.1253 0.2392 0.0088 0.1488 0.2928 0.0769 0.0857 0.2061

Std Dev 0.0399 0.0259 0.0485 0.0539 0.0681 0.0297 0.0210 0.0941 0.0410 0.0268

Sharpe Ratio -0.0026 -1.0864 1.4083 3.3813 -0.7077 3.0874 11.2247 0.2109 0.6996 5.5706

Regression Statistics

Alpha 0.0527 0.0255 0.1183 0.2329 0.0000 0.1471 0.2904 0.0728 0.0803 0.2024

St Error 0.0207 0.0056 0.0019 0.0297 0.0000 0.0225 0.0123 0.0732 0.0100 0.0089

T-Statistic 2.5503 4.5678 62.4512 7.8444 0.0000 6.5312 23.5575 0.9957 8.0026 22.8272

Beta 0.4539 0.3675 0.7109 0.5841 1.0000 0.1634 0.2147 0.4287 0.5748 0.3594

St Error 0.3714 0.1003 0.0340 0.5335 0.0000 0.4048 0.2215 1.3143 0.1802 0.1593

T-Statistic 1.2223 3.6629 20.8826 1.0949 0.0000 0.4036 0.9694 0.3262 3.1894 2.2563

R2 0.5990 0.9306 0.9977 0.5452 1.0000 0.1401 0.4845 0.0961 0.9105 0.8358  
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Table I: Performance Statistics Based on Annualized Daily Returns 

1999 - March 2007 (Obs=1976) 

Daily 
DWMI 

DJM 
S&P 600 

S&P 400 
S&P 500 

EAFE 
EAFESC 

EM 
WORLD 

WORLDSC 

Sample Statistics 

Mean 

0.2352 

0.3036 

0.2001 
0.1885 

0.0638 
0.1078 

0.2026 
0.2269 

0.0759 
0.2026 

Std Dev 
0.1889 

0.2131 
0.2323 

0.2277 
0.2127 

0.1801 
0.1534 

0.1950 
0.1666 

0.1533 

Sharpe Ratio 
1.0138 

1.2197 
0.6731 

0.6359 
0.0947 

0.3560 
1.0356 

0.9395 
0.1932 

1.0364 

Regression Statistics 

Alpha 
0.1892 

0.2465 
0.1349 

0.1211 
0.0000 

0.0849 
0.1945 

0.2041 
0.0305 

0.1673 

St Error

0.0031 
0.0033 0.0029 0.0024 0.0000 

0.0037 
0.0034 

0.0041 
0.0017 

0.0026 

T-Statistic 
61.5915 

74.3600 
45.8581 

50.0825 
0.0000 

22.8442 
56.9920 

49.2818 
17.7616 

65.1186 
Beta 

0.6137 
0.7236 

0.9030 
0.9438 

1.0000 
0.3380 0.1086 0.3030 0.6962 0.4807 

St Error
0.0144 0.0156 0.0138 0.0114 0.0000 0.0175 0.0160 0.0195 0.0081 0.0121 

T-Statistic 42.5034 46.4241 65.3040 83.0285 0.0000 19.3495 6.7679 15.5583 86.2023 39.8003 
R 

2 0.4779 0.5219 0.6836 0.7774 1.0000 0.1594 0.0227 0.1092 0.7901 0.4452 
2000 - March 2007 (Obs=1735) Daily DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD WORLDSC Sample Statistics Mean 0.1898 0.3254 0.2084 0.1865 0.0360 0.0874 0.1963 0.1584 0.0491 0.1826 Std Dev 0.1951 0.2214 0.2405 0.2317 0.2117 0.1831 0.1568 0.1942 0.1687 0.1588 Sharpe Ratio 0.7495 1.2726 0.6854 0.6166 -0.0358 0.2390 0.9742 0.5909 0.0328 0.8753 
Regression Statistics 

Alpha 
0.1629 

0.2896 
0.1681 

0.1461 
0.0000 

0.0735 
0.1908 

0.1460 
0.0231 

0.1608 
St Error

0.0033 
0.0036 

0.0031 
0.0025 

0.0000 
0.0040 

0.0037 
0.0044 

0.0018 
0.0027 

T-Statistic 
48.8808 

80.9180 
54.5027 

58.6709 

0.0000 18.4094 51.4856 33.1663 12.5822 58.9868 Beta 0.6479 0.7735 0.9603 0.9788 1.0000 0.3632 0.1302 0.3031 0.7106 0.5242 St Error 0.0157 0.0169 0.0146 0.0118 0.0000 0.0189 0.0175 0.0208 0.0087 0.0129 T-Statistic 41.1620 45.7425 65.9253 83.2021 0.0000 19.2621 7.4337 14.5720 82.0233 40.6910 R 2 0.4944 0.5470 0.7149 0.7998 1.0000 0.1763 0.0309 0.1092 0.7952 0.4886 2001 - March 2007 (Obs=1497) Daily DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD WORLDSC Sample Statistics Mean 0.2895 0.3485 0.2200 0.1807 0.0657 0.1401 0.2619 0.2941 0.0937 0.2289 Std Dev 0.1671 0.2102 0.2259 0.2120 0.2010 0.1826 0.1575 0.1868 0.1651 0.1551 Sharpe Ratio 1.4731 1.4515 0.7824 0.6482 0.1115 0.5301 1.3884 1.3430 0.3051 1.1967 Regression Statistics Alpha 0.2388 0.2813 0.1468 0.1100 0.0000 0.1114 0.2495 0.2702 0.0436 0.1856 St Error 0.0028 0.0035 0.0029 0.0021 0.0000 0.0042 0.0040 0.0046 0.0019 0.0027 T-Statistic 84.8700 80.8207 50.1657 51.3583 0.0000 26.2849 62.5207 58.9665 23.0082 67.8233 Beta 0.6312 0.8035 0.9724 0.9711 1.0000 0.4012 0.1559 0.2932 0.7361 0.5641 St Error 0.0140 0.0173 0.0146 0.0107 0.0000 0.0211 0.0199 0.0228 0.0094 0.0136 T-Statistic 45.0918 46.3961 66.7625 91.1087 0.0000 19.0233 7.8520 12.8572 77.9805 41.4272 R 2 0.5763 0.5901 0.7488 0.8474 1.0000 0.1949 0.0396 

Std Dev 0.1598 0.2149 0.2176 0.1999 0.1895 0.1766 0.1574 0.1847 0.1569 0.1541 
Sharpe Ratio 1.3011 1.0901 0.7202 0.6377 0.2005 0.9108 1.8035 1.5077 0.5685 1.2787 

Regression Statistics 
Alpha 0.1905 0.1910 0.1102 0.0849 0.0000 0.1677 0.3118 0.2941 0.0691 0.1834 

St Error 0.0029 0.0037 0.0031 0.0021 0.0000 0.0045 0.0044 0.0050 0.0020 0.0029 
T-Statistic 64.7035 51.6159 36.0212 39.5253 0.0000 37.2252 71.5108 58.8784 34.4554 62.9226 

Beta 0.6381 0.8973 0.9948 0.9753 1.0000 0.3950 0.1523 0.2726 0.7376 0.6027 
St Error 0.0155 0.0195 0.0161 0.0113 0.0000 0.0238 0.0230 0.0264 0.0106 0.0154 
T-Statistic 41.0700 45.9407 61.6087 86.0651 0.0000 16.6099 6.6165 10.3377 69.6410 39.1722 

R 2 0.5726 0.6264 0.7509 0.8547 1.0000 0.1797 0.0336 0.0782 0.7939 0.5493 
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2003- March 2007 (Obs=1022)

Daily DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.3304 0.3198 0.2737 0.2469 0.1610 0.3159 0.4664 0.4557 0.2286 0.3670

Std Dev 0.1534 0.2061 0.1951 0.1676 0.1476 0.1557 0.1581 0.1808 0.1271 0.1451

Sharpe Ratio 1.8681 1.3388 1.1775 1.2114 0.7934 1.7465 2.6717 2.2776 1.4536 2.2271

Regression Statistics

Alpha 0.1798 0.1130 0.0743 0.0690 0.0000 0.2372 0.4206 0.3750 0.1004 0.2310

St Error 0.0030 0.0037 0.0031 0.0022 0.0000 0.0045 0.0049 0.0054 0.0020 0.0032

T-Statistic 59.1573 30.4012 24.0207 31.4395 0.0000 52.8216 86.5942 69.6604 49.0349 72.6081

Beta 0.8050 1.1419 1.1408 1.0319 1.0000 0.4132 0.2126 0.3822 0.7385 0.7023

St Error 0.0206 0.0252 0.0209 0.0148 0.0000 0.0304 0.0329 0.0365 0.0139 0.0215

T-Statistic 39.1117 45.3678 54.4871 69.4914 0.0000 13.5879 6.4659 10.4861 53.2808 32.6018

R2 0.6000 0.6686 0.7443 0.8256 1.0000 0.1533 0.0394 0.0973 0.7357 0.5103

2004 - March 2007 (Obs=781)

Daily DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1414 0.2105 0.2275 0.2102 0.1318 0.2523 0.3400 0.3875 0.1860 0.2609

Std Dev 0.1526 0.2056 0.1915 0.1588 0.1270 0.1487 0.1628 0.1866 0.1131 0.1423

Sharpe Ratio 0.6405 0.8116 0.9599 1.0487 0.6937 1.4029 1.8199 1.8419 1.2575 1.5267

Regression Statistics

Alpha 0.0092 0.0180 0.0395 0.0508 0.0000 0.1921 0.2917 0.3034 0.0840 0.1419

St Error 0.0031 0.0037 0.0031 0.0023 0.0000 0.0050 0.0057 0.0063 0.0024 0.0036

T-Statistic 2.9897 4.8621 12.6487 21.8189 0.0000 38.3170 51.3662 48.2825 35.7449 39.7828

Beta 0.9947 1.3993 1.3434 1.1413 1.0000 0.3982 0.2967 0.5054 0.7259 0.8007

St Error 0.0241 0.0292 0.0246 0.0183 0.0000 0.0395 0.0447 0.0495 0.0185 0.0281

T-Statistic 41.1938 47.9521 54.6836 62.2797 0.0000 10.0930 6.6390 10.2201 39.2281 28.5141

R
2 0.6854 0.7469 0.7933 0.8328 1.0000 0.1156 0.0536 0.1182 0.6639 0.5107

2005- March 2007 (Obs=541)

Daily DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.1111 0.1946 0.1890 0.1968 0.1295 0.2635 0.3247 0.4063 0.1924 0.2413

Std Dev 0.1464 0.2018 0.1884 0.1582 0.1237 0.1481 0.1637 0.1874 0.1113 0.1394

Sharpe Ratio 0.4622 0.7493 0.7728 0.9699 0.6957 1.4863 1.7191 1.9365 1.3395 1.4196

Regression Statistics

Alpha -0.0153 0.0045 0.0068 0.0380 0.0000 0.2053 0.2816 0.3200 0.0928 0.1283

St Error 0.0034 0.0042 0.0036 0.0028 0.0000 0.0060 0.0069 0.0076 0.0029 0.0043

T-Statistic -4.4542 1.0533 1.8954 13.7991 0.0000 34.0044 40.8053 42.1974 32.0458 29.7454

Beta 0.9921 1.4242 1.3665 1.1697 1.0000 0.3875 0.2720 0.5206 0.7168 0.7840

St Error 0.0278 0.0343 0.0290 0.0222 0.0000 0.0488 0.0558 0.0613 0.0234 0.0349

T-Statistic 35.6668 41.5473 47.1539 52.5799 0.0000 7.9411 4.8784 8.4947 30.6223 22.4901

R2 0.7024 0.7621 0.8049 0.8368 1.0000 0.1047 0.0423 0.1181 0.6350 0.4841

2006 - March 2007 (Obs=299)

Daily DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.2042 0.2467 0.2441 0.2037 0.1966 0.3325 0.2837 0.3667 0.2529 0.2568

Std Dev 0.1583 0.2061 0.1888 0.1648 0.1254 0.1659 0.1881 0.2162 0.1223 0.1556

Sharpe Ratio 1.0161 0.9871 1.0635 0.9735 1.2226 1.7437 1.2780 1.4958 1.7140 1.3719

Regression Statistics

Alpha -0.0084 -0.0388 -0.0249 -0.0299 0.0000 0.2149 0.1910 0.2087 0.0906 0.0757

St Error 0.0047 0.0057 0.0048 0.0039 0.0000 0.0089 0.0105 0.0115 0.0043 0.0065

T-Statistic -1.7671 -6.8562 -5.2304 -7.7269 0.0000 24.2113 18.2040 18.1049 20.9233 11.7001

Beta 1.0821 1.4490 1.3575 1.2022 1.0000 0.5153 0.4175 0.6850 0.7731 0.8673

St Error 0.0378 0.0450 0.0379 0.0308 0.0000 0.0707 0.0836 0.0918 0.0345 0.0515

T-Statistic 28.6494 32.1717 35.8436 39.0059 0.0000 7.2878 4.9931 7.4575 22.4103 16.8306

R
2 0.7343 0.7770 0.8122 0.8367 1.0000 0.1517 0.0774 0.1577 0.6284 0.4882  
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2007 - March 2007 (Obs=58)

Daily DWMI DJM S&P 600 S&P 400 S&P 500 EAFE EAFESC EM WORLD W ORLDSC

Sample Statistics

Mean 0.0501 0.0213 0.1905 0.3411 0.0070 0.1554 0.3141 0.0104 0.0946 0.2532

Std Dev 0.1635 0.1966 0.1831 0.1591 0.1498 0.1725 0.1759 0.2206 0.1368 0.1618

Sharpe Ratio 0.0419 -0.1118 0.8041 1.8714 -0.2422 0.6500 1.5399 -0.1491 0.3750 1.2970

Regression Statistics

Alpha 0.0429 0.0128 0.1811 0.3317 0.0000 0.1514 0.3093 0.0041 0.0889 0.2459

St Error 0.0090 0.0106 0.0089 0.0073 0.0000 0.0207 0.0208 0.0232 0.0103 0.0136

T-Statistic 4.7799 1.2069 20.2511 45.7360 0.0000 7.3296 14.8360 0.1773 8.6335 18.0178

Beta 0.9931 1.1982 1.1359 0.9972 1.0000 0.4914 0.5238 0.8924 0.7515 0.8332

St Error 0.0604 0.0714 0.0602 0.0488 0.0000 0.1391 0.1404 0.1565 0.0693 0.0919

T-Statistic 16.4423 16.7719 18.8651 20.4181 0.0000 3.5319 3.7315 5.7024 10.8439 9.0650

R
2 0.8284 0.8340 0.8640 0.8816 1.0000 0.1822 0.1991 0.3674 0.6774 0.5947  
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Table II: Daily correlation 

WORLD 0.7464 0.7281 0.891 0.8527 0.7945 0.7868 1

EM 0.4408 0.3407 0.2797 0.3447 0.3398 0.6555 0.5236 1 

2003 - 2007 
Obs=1022 DWMI DJSM S&P 500 S&P 400 S&P 600 EAFE WORLD EM 

DWMI 1 
DJSM 0.9398 1 

S&P 500 0.7746 0.8177 1

S&P 400 0.8945 0.9199 0.9086 1

S&P 600 0.9158 0.9668 0.8627 0.9582 1 
EAFE 0.4437 0.371 0.3915 0.4265 0.3901 1

WORLD 0.747 0.7323 0.8577 0.8243 0.7727 0.8063 1

EM 0.4707 0.3802 0.3119 0.4009 0.3812 0.7174 0.6048 1 
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2004 - 2007

Obs=781 DWMI DJSM S&P 500 S&P 400 S&P 600 EAFE WORLD EM

DW MI 1

DJSM 0.9431 1

S&P 500 0.8279 0.8643 1

S&P 400 0.9168 0.9364 0.9126 1

S&P 600 0.9281 0.9744 0.8907 0.964 1

EAFE 0.4185 0.3352 0.3401 0.3863 0.3472 1

WORLD 0.7673 0.7365 0.8148 0.7994 0.7611 0.8197 1

EM 0.4852 0.3809 0.3438 0.4227 0.389 0.7552 0.6777 1

2005 - 2007

Obs=541 DWMI DJSM S&P 500 S&P 400 S&P 600 EAFE WORLD EM

DW MI 1

DJSM 0.9472 1

S&P 500 0.8381 0.873 1

S&P 400 0.9277 0.9405 0.9148 1

S&P 600 0.9417 0.9782 0.8972 0.9701 1

EAFE 0.4137 0.3255 0.3236 0.3824 0.3449 1

WORLD 0.7687 0.7307 0.7969 0.7946 0.7589 0.827 1

EM 0.4752 0.3639 0.3436 0.4248 0.3877 0.7608 0.6944 1

2006 - 2007

Obs=299 DWMI DJSM S&P 500 S&P 400 S&P 600 EAFE WORLD EM

DW MI 1

DJSM 0.9583 1

S&P 500 0.8569 0.8815 1

S&P 400 0.9399 0.9441 0.9147 1

S&P 600 0.957 0.978 0.9012 0.9722 1

EAFE 0.4615 0.3669 0.3895 0.4507 0.3996 1

WORLD 0.7743 0.7218 0.7927 0.7982 0.7556 0.868 1

EM 0.5056 0.3955 0.3971 0.4732 0.4296 0.7958 0.7441 1

2007

Obs=58 DWMI DJSM S&P 500 S&P 400 S&P 600 EAFE WORLD EM

DW MI 1

DJSM 0.9727 1

S&P 500 0.9102 0.9132 1

S&P 400 0.9659 0.9604 0.9389 1

S&P 600 0.9711 0.9796 0.9295 0.9815 1

EAFE 0.5212 0.4638 0.4268 0.5363 0.5179 1

WORLD 0.8358 0.8009 0.823 0.8626 0.8448 0.8642 1

EM 0.6502 0.5886 0.6061 0.652 0.6315 0.8361 0.863 1  
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1
 In this, case the optimal portfolio share of the risky asset is characterized by α* that solves U’ (α*) = 0; 

otherwise α* = 0. To derive an analytical expression for α* one needs to assume the specific functional 

form of the utility function as well the distribution that governs the risky asset’s return. That is beyond the 

scope of this paper. 

2
 From a consumption-based asset pricing perspective, assets that decrease risk have higher prices, and 

therefore lower returns, as they facilitate consumption smoothing. 

3
 See Strong (1992) for a summary of models for estimating asset returns. 

 
4
 See Levis (2002) for a comprehensive review of the literature of small caps 

 
5
 Herein, “investability” refers to shares that are readily available for trading in the market. 
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6
 For the S&P 600, 

http://www2.standardandpoors.com/portal/site/sp/en/us/page.topic/indices_600/2,3,2,2,0,0,0,0,0,0,0,0,0,0,0

,0.html  and http://www.russell.com/Indexes/characteristics_fact_sheets/US/Russell_2000_Index.asp for 

the Russell 2000 

7
 Australia, Austria, Belgium, Denmark, Finland, France, Germany, Greece, Hong Kong, Ireland, Italy, 

Japan, the Netherlands, New Zealand, Norway, Portugal, Singapore, Spain, Sweden, Switzerland and the 

United Kingdom as per http://www.msci.com/equity/indexdesc.html#WORLD  

 
8
 http://www.mscibarra.com/resources/pdfs/methodology_1998.pdf p. 27 

 
9
 In Appendix B we also present the estimates for sub-samples that drop one year at a time, beginning with 

the period 2000-2007, followed by 2001-2007, and so forth. The purpose of this appendix is to demonstrate 

whether our results remain robust as data frequency is changed to weekly and monthly. Monthly data also 

allow us to examine our indexes over a larger horizon since they began to be collected as early as 1994 for 

the micro-cap benchmarks.  

 
10 The results of these tests are not presented here for brevity but we found no statistically significant 

differences with higher frequency data.  Findings from monthly data will be provided upon request. 

 
11 

These coefficients are calculated using the standard correlation formula. Note that the diagonal entries 

are all 1.0 because they represent the correlations of each index’s returns with itself. Also, since the 

correlation between two assets A and B is the same as the correlation between B and A, a correlation 

matrix is symmetric about the diagonal. Therefore, it is customary to present only the lower triangle of the 

correlation matrix as shown in Table II. 

 
12

 These correlations range from a low of 0.59 (DWMI and S&P 500, for the monthly data) to 0.72 (DJSM 

and S&P 500 for the weekly data) with the latter coefficient being identical to that of their daily returns. 
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13

 For instance, Yang et al. (2006) found that the correlations among national stock markets have been 

steadily increasing between 1988 and 2002 and concluded that the effect of globalization may be 

outweighing country-specific factors in determining the co-movements of the markets.   

 
14

 The dominance of these three indices in terms of their diversification benefits persists even when weekly 

and monthly data frequencies are used. These correlation coefficients, however, are noticeably larger than 

those associated with daily returns indicating perhaps that market returns on high frequency data are 

comparably more exacerbated by news and extra factors driving the prices of international stocks. 

 
15

 The estimate for beta of index i with respect to the market index is given by cov(i,mkt)/var(mkt). 

 
16

 These results don’t significantly change when the frequency of the data is changed to weekly and 

monthly. 

 
17

 The first researchers to suggest this modification to alpha for ranking purposes are Smith and Tito 

(1969).  


