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EVALUATING THE PERFORMANCE OF 

U.S. INTERNATIONAL EQUITY CLOSED-END FUNDS 

ABSTRACT 

 This study examines whether clientele effects are important in the evaluation of the 

performance of U.S. international equity closed-end funds (CEF) using the best clientele (BC) 

performance measure of Chretien and Kammoun(2017), and alternative stochastic discount 

factor models based on global factor models.  The study finds that clientele effects are 

important when evaluating the performance of international CEFs, as there are significant 

differences between the BC performance and performance using the global factor models.  

International CEF provide significant superior performance using the BC measure and neutral 

performance with the global factor models. 
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I Introduction 

 Glosten and Jagannathan(1994) and Chen and Knez(1996) are the seminal studies on 

using the stochastic discount factor approach to evaluate managed fund performance1.  Chen 

and Knez show that if the Law of One Price (LOP) holds in financial markets, then admissible 

performance measures exist and if there are No Arbitrage (NA) opportunities, then NA 

admissible performance measures exist.  Admissible performance measures are consistent with 

the existence of admissible stochastic discount factors.  When markets are incomplete, the 

admissible stochastic discount factors are not unique and the same fund can be given very 

different performance by different admissible stochastic discount factors (Ahn, Cao and 

Chretien(2009)).  This pattern is consistent with investor heterogeneity (clientele effects), 

whereby investors can assign a different performance value to the same fund. 

 Ferson(2010,2013) advocates the use of clientele specific performance measures, 

which takes account of investor heterogeneity.  Ferson and Lin(2014) derive a model, where 

the relevant benchmark to evaluate a fund manager is the marginal utility growth of the client.  

Chretien and Kammoun(2017) develop this analysis and propose a Best Clientele (BC) 

performance measure, which captures the performance of the clientele of investors most 

favourable to the fund.  They adapt the upper good-deal option pricing bounds of Cochrane 

and Saa-Requejo(2000), to estimate the BC performance of a fund.  The BC performance 

measure differs from the traditional performance measures used by linear factor models, which 

implicitly assumes that all investors agree on the value of the fund (Ferson and Lin, Chretien 

and Kammoun(2018)). 

  

 
1 Cochrane(2005) and Ferson(2019) provide textbook treatments of the stochastic discount 

factor approach to asset pricing. 
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 Clientele effects are likely to be important in closed-end funds (CEF) as individual 

investors are the dominant shareholders in such funds (Weiss(1989), Lee, Shleifer and 

Thaler(1991)), with a smaller proportion held by institutional investors.  Huang(2015) finds 

that individual investors tend to act like noise traders.  In contrast, the institutional investors 

trade against CEF mispricing and provide liquidity to individual investors.  Clientele effects 

are likely to be more important in international equity CEF compared to domestic equity CEFs, 

as institutional investors hold a greater proportion of international CEF.  Huang finds that the 

proportion of shares held by institutional investors in U.S. international CEF is 16.78%, and 

only 7.61% in U.S. domestic equity CEFs2.  Parwada and Siaw(2014) find that there has been 

an increase in ownership by institutional investors in CEF between 1990 and 2010.  Another 

reason to focus on international equity CEF is that the liquidity benefits of CEF (Cherkes, Sagi 

and Stanton(2009)) might be greater for international equity CEF than domestic equity CEFs. 

 To examine whether clientele effects are important in the performance of U.S. 

international equity CEF, I use the BC performance measure of Chretien and Kammoun(2017), 

and compare it to the performance measures using alternative stochastic discount factor 

models.  I use five alternative stochastic discount factor models, including the Chen and 

Knez(1996) LOP measure, and global factor models based on the world CAPM and global 

versions of the Fama and French(1993,2015,2018) models.  I use the approach of Chretien and 

Kammoun(2018) to examine whether there are significant differences in CEF performance 

using the BC measure and the alternative models.  My sample period is November 1990 and 

June 2018 and my main set of benchmark assets to estimate the BC performance are the gross 

 
2 Huang(2015) argues that the greater proportion of institutional ownership in international 

CEF is possibly due to the greater difficulties of buying the underlying assets held by the 

international CEF compared to buying domestic assets held by domestic CEF. 
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returns of six global size/book-to-market (BM) portfolios and the mean gross return on the one-

month U.S. Treasury Bill. 

 There are two main findings in my study.  First, I find clientele effects are important in 

the evaluation of the performance of international equity CEF.  International CEF provide 

significant superior performance using the BC measure.  In contrast, international CEF deliver 

neutral performance using the alternative stochastic discount factor models.  Second, I find that 

the alternative stochastic discount factor models suffer from a misrepresentation problem.  The 

alternative stochastic discount factor models misrepresent the performance for the BC of 

investors.   

 The main contribution of the paper is to use the BC performance measure and 

alternative stochastic discount factor models to examine whether clientele effects are important 

in the evaluation of the performance of international equity CEF.  This complements the recent 

studies by Ahn et al(2009), Ferson and Lin(2014), and Chretien and 

Kammoun(2017,2018,2019) who focus on domestic open-end mutual fund performance.  This 

study differs as I focus on international fund performance rather than domestic fund 

performance.  My study also complements the studies of Patro(2001) and Lee, Patro and 

Liu(2010)3 among others who examine the performance of U.S. international CEF, by 

providing additional evidence of international CEF performance and whether clientele effects 

are important in the evaluation of international CEF performance.  

 The paper is organized as follows.  Section II presents the research method.  Section III 

describes the data used in my study.  Section IV reports the empirical results.  The final section 

concludes. 

II Research Method 

 
3 Patro(2001) and Lee et al(2010) find little evidence of outperformance by international  CEF. 
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 Ross(1978), Harrison and Kreps(1979), and Hansen and Richard(1987) show that if the 

LOP holds in financial markets, then a stochastic discount factor (mt+1) exists such that: 

                    pit = Et(mt+1Xit+1) for i=1,….,N                                                 (1) 

where pit is the cost of asset i at time t, Xit+1 is the payoff of asset i at time t+1, Et is the 

conditional expectation given the information available at time t, and N is the number of 

benchmark assets.  If financial markets also satisfy the NA restriction, then mt+1 > 0 

(Cochrane(2005)).  If markets are complete, then mt+1 is unique.  If the payoffs are gross returns 

(1+return), and there is no conditioning information, equation (1) becomes: 

                                        1 = E(mt+1Rit+1)             for i=1,…,N                                           (2) 

where Rit+1 is the gross return of asset i at time t+1 (1+return). 

 Glosten and Jagannathan(1994) and Chen and Knez(1996) show how to evaluate 

managed fund performance using the stochastic discount factor approach.  Define Rpt+1 as the 

gross return on the fund at time t+1, and yt+1 as a candidate stochastic discount factor model.  

The performance (αp) of the fund is given by: 

                                       αp = E(yt+1Rpt+1) – 1                                                        (3) 

If αp = 0, the performance of the fund is neutral.  If αp > (<) 0, then the fund outperforms 

(underperforms) the stochastic discount factor model.  Chen and Knez(1996) derive the 

conditions under which an admissible performance measure exists, which is equivalent to the 

existence of admissible stochastic discount factors i.e. models for whom the pricing equation 

holds.  Admissible performance measures exist when the LOP holds in financial markets.  

However, when markets are incomplete, the admissible performance measures are not unique 

when the fund’s payoff cannot be perfectly replicated by the payoffs of the N benchmark assets. 

A variety of candidate stochastic discount factors have been used to evaluate fund 

performance such as unconditional and conditional linear factor models (see Farnsworth, 

Ferson, Jackson and Todd(2002), Ahn et al(2009), Ferson and Mo(2016), Li, Xu and 
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Zhang(2016), and Chretien and Kammoun(2018) among others).  Linear stochastic discount 

factor (yt+1) models are given by: 

                            yt+1 = a + Σk=1
Kbkfkt+1                                                  (4) 

where a and bk, for k=1,…,K are the stochastic discount factor coefficients, fkt+1 is the value of 

factor k at time t+1, and K is the number of factors in the model.  The bk coefficient tells us 

whether the factor is useful in pricing given the other factors in the model.  The main advantage 

of linear factor models is that the fund is given a unique performance.  The downside of linear 

factor models is that they often imply inadmissible stochastic discount factor models as they 

are unable to correctly price the benchmark asset payoffs (see Hodrick and Zhang(2001))4.  In 

addition, using linear factor models assumes that investors agree on the performance of the 

fund (Chretien and Kammoun(2018)), and ignores any clientele effects in fund performance. 

 An alternative approach to evaluate fund performance, which can take account of 

investor heterogeneity in incomplete markets and the importance of clientele effects, is to use 

admissible stochastic discount factors based on less restrictive assumptions.  Ahn et al(2009) 

derive NA performance bounds of a given fund, which are the bounds within which all NA 

admissible stochastic discount factors will assign the performance of the fund.  Ahn et al 

interpret the upper NA bound as the performance of the fund given by the clientele of investors 

most favourable to the fund.  This interpretation is consistent with Ferson and Lin(2014) who 

show that the relevant benchmark is the marginal utility growth of the client.  When markets 

are incomplete, marginal utility growth can vary between clients.  The downside of the NA 

performance bounds is that they can be extremely wide.  Chretien and Kammoun(2017) seek 

to tighten the bounds by using the upper good-deal bounds of Cochrane and Saa-Requejo(2000) 

 
4 Fama(1998) define this case as a “bad model” problem of expected returns. 
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to estimate the performance of the fund.  Cochrane and Saa-Requejo originally proposed the 

good-deal approach to tighten option pricing bounds beyond the NA restriction.    

 Cochrane and Saa-Requejo(2000) derive option pricing bounds by adding to the LOP 

and NA restriction, an upper bound constraint on the maximum volatility of admissible 

stochastic discount factors.  This bound is equivalent to an upper bound on the maximum 

Sharpe(1966) performance available in financial markets5.  A Sharpe performance higher than 

the assumed maximum Sharpe performance is known as a good-deal and would be exploited 

by investors.  Cochrane and Saa-Requejo find that the good-deal restriction leads to tighter 

option pricing bounds compared to the NA bounds. 

 Chretien and Kammoun(2017) use the upper good-deal bound to evaluate mutual fund 

performance given by (suppressing the time subscripts): 

                              C = max (m) E(mRp)                                            (5) 

                                           subject to E(mR) = 1, E(m2) ≤ A2                               (6) 

where m is the upper bound good-deal admissible stochastic discount factors, A = (1 + h2)/Rf
2, 

R is the matrix of gross returns of the benchmark assets, h is the maximum Sharpe performance, 

and Rf is the gross risk-free return.  Chretien and Kammoun evaluate performance by αp = C – 

1 and define it as the performance from the perspective of the best clientele (BC) of investors.  

Chretien and Kammoun do not use the NA restriction as the BC performance can then be solved 

analytically.  Chretien and Kammoun find that the BC admissible stochastic discount factors 

in their study have very few negative values and so argue that the NA restriction is likely to 

have little impact.  I examine the NA restriction later in the paper.   

 Proposition 1 in Cochrane and Saa-Requejo(2000) shows that the BC admissible 

stochastic discount factors (mBC) at the upper bound without the NA restriction is given by: 

 
5 An alternative bound is the gain-loss ratio of Bernardo and Ledoit(2000). 
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                                   mBC = x* + vw                                                             (7) 

                                             w = Rp – E(RpR’)E(RR’)-1R                                                (8) 

                                   v = [(A2 – E(x*2)/E(w2)]1/2                                                         (9) 

where x* is the minimum second moment LOP stochastic discount factor of Hansen and 

Jagannathan(1991).  The w term is the replication residuals given by the difference in the gross 

fund returns and the best replicating payoff of the fund gross returns that can be formed from 

the benchmark assets.  The v term depends upon both h and E(w2), and Chretien and 

Kammoun(2017) define v as the disagreement parameter between the BC and LOP admissible 

stochastic discount factors. 

 To estimate the BC performance, the maximum Sharpe ratio must be specified and 

requires to be larger than the maximum Sharpe performance from the benchmark assets.  

Chretien and Kammoun(2017) specify the maximum Sharpe ratio (h) as h  = h* + Mult*hmkt,  

where h* is the maximum Sharpe performance in the benchmark assets, hmkt is the Sharpe ratio 

of the market index, and Mult is the multiple chosen.  I follow Chretien and Kammoun and 

specify Mult = 0.5, and use the Sharpe performance of the global market index for hmkt.  

Imposing an upper bound on the maximum Sharpe performance has been used in a number of 

asset pricing applications including MacKinlay(1995), Huang and Zhou(2017), and Barillas 

and Shanken(2018) among others. 

 Chretien and Kammoun(2017) estimate the BC performance using Generalized Method 

of Moments (GMM) estimation (Hansen(1982))6.  The system of moment conditions is given 

by equations (A.1) to (A.4) in the Appendix.  There are N*2+2 parameters and N*2+2 moment 

conditions and so the system of equations is exactly identified and the choice of the GMM 

weighting matrix is irrelevant.  Given that the LOP admissible stochastic discount factor is also 

 
6 See Hall(2005) for an excellent textbook on GMM. 
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identified in the GMM estimation, the LOP performance (αLOP) can be estimated by adding an 

additional moment condition as in equation (A.5) in the Appendix. 

 To estimate fund performance using linear factor models (αFM), Chretien and 

Kammoun(2018) use K+1 moment conditions (see equations (A.6) and (A.7) in the Appendix) 

to estimate the stochastic discount factor coefficients in a model (yt+1).  The coefficients are 

estimated to correctly price the mean gross Treasury Bill return and the K excess factor returns 

in the model as recommended by Farnsworth et al(2002)7.  The performance of the fund relative 

to yt+1 can be estimated by adding another moment condition to the GMM estimation (equation 

(A.8) in the Appendix).  Chretien and Kammoun(2017) point out that the performance estimate 

and standard error of a given fund is invariant to the number of funds included in the GMM 

estimation (Farnsworth et al).  

 Under the null hypothesis of no performance αBC = 0, or αLOP = 0, or αFM = 0.  To 

examine whether investor clientele effects are important in CEF performance, I estimate a 

Wald test that the BC performance equals the performance from the alternative models (αLOP, 

αFM).  The Wald test has an asymptotic χ2 distribution with 1 degree of freedom.  Chretien and 

Kammoun(2018) point out that there are two cases under the alternative hypothesis.  If (αLOP, 

αFM) > αBC, then the performance from the alternative model suffers from an inadmissibility 

problem as all admissible performance measures will lie in the good-deal performance bounds 

(see also Ahn et al(2009)).  If (αLOP, αFM) < αBC, then the performance from the alternative 

model suffers from a misrepresentation problem, as it misrepresents the performance from the 

perspective of the BC of investors.  The test statistics are corrected for the effects of 

 
7 De Souza and Lynch(2012) and Ferson and Mo(2016) follow this approach. 
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heteroskedasticity and/or serial correlation using the automatic lag selection (without 

prewhitening) of Newey and West(1994)8.   

 Chretien and Kammoun(2018) propose two t-statistics that examine the role of investor 

disagreement (clientele effects) on the performance individual funds.  The first examines 

whether the cross-sectional average fund performance using the BC measure is equal to the 

cross-sectional average fund performance using the alternative models.  The second examines 

whether the cross-sectional standard deviation of fund performance using the BC measure 

equals the cross-sectional standard deviation of fund performance using the alternative models.  

The Appendix provides more details on these two t-statistics. 

 The analysis so far has focused on the unconditional BC performance of the CEF.  

Chretien and Kammoun(2017) show that the analysis can be easily extended to estimate the 

conditional BC performance of funds (see also Ferson, Henry and Kisgen(2006))9.  Define zt 

as the value of a lagged information variable at time t.  The payoffs of the N benchmark assets 

are extended to create scaled payoffs by multiplying each Rit+1 by zt as in Cochrane(2005).  The 

scaled payoff has a cost equal to 1*zt.  I create scaled payoffs for each benchmark asset, except 

the one-month Treasury Bill return.  I assume that the conditional BC performance of the fund  

(αpt+1) is a linear function of zt given by: 

                   αpt+1 = αp0 + αp1zt                                                  (10) 

 
8 The GMM tests are based on asymptotic distributions and can have poor finite-sample 

performance (Ferson and Foerster(1994)).  Chretien and Kammoun(2017) conduct a simulation 

analysis of the finite-sample properties of the BC performance t-statistics and finds similar 

results to the asymptotic tests. 

9 I am grateful for a reviewer suggesting this issue. 
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where αp0 and αp1 are the constant and slope coefficient in the conditional BC performance 

function.  Chretien and Kammoun show that the conditional BC performance can be estimated 

by adding additional moment conditions and using GMM.  The GMM system remains exactly 

identified.  

III Data 

A) Sample of International Closed-End Equity Funds  

 I evaluate the performance of U.S. international equity closed-end funds (CEF) between 

November 1990 and June 2018.  I identify my initial sample of funds from Morningstar Direct.  

I select all closed-end funds with a U.S. domicile and a Morningstar international equity 

category.  There are 82 international CEF in my sample.  It is possible to also include domestic 

equity CEF and other types of CEF but this makes the interpretation of CEF performance more 

complicated as the benchmark assets and factor models should be linked to the types of assets 

the CEF invest in and so I do not pursue here. 

I collect the monthly stock returns and Morningstar categories for each fund from 

Morningstar.  All of the data is in U.S. $.  I focus on CEF stock returns as for CEF it captures 

the value added for investors (Aragon and Ferson(2008)).  CEF performance using stock 

returns depends upon a number of factors such as the performance ability of the fund managers, 

trading costs and expenses, and the CEF discount/premium.  Rational explanations of the CEF 

discount includes Berk and Stanton(2007), Cherkes et al(2009), and Jarrow and Protter(2019).  

Alternative explanations include noise trading by uninformed investors (Lee, Shleifer and 

Thaler(1991))10.  Lamont and Thaler(2003) point out that CEF can violate the LOP.  Klibanoff, 

 
10 Elton, Gruber and Busse(1998) find little support for the investor sentiment story in U.S. 

CEF. 
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Lamont, and Wizman(1998) find that for U.S. international country CEF, that the CEF discount 

is too wide to be explained by rational explanations.   

Even with the alternative explanations of the CEF discount, what is of interest to 

investors is the value added by such funds and so evaluating performance using stock returns 

is most relevant.  Likewise the BC and LOP performance measures of Chen and Knez(1996) 

and Chretien and Kammoun(2017) rely on the LOP holding in the benchmark assets and not 

one whether CEF satisfies the LOP or not and so the use of these performance measures is 

appropriate to evaluate the performance of international CEF. 

I estimate the BC and LOP performance for all individual CEF with at least 60 return 

observations as in Chretien and Kammoun(2017).  This requirement does impose a degree of 

survivorship/look-ahead bias (Brown, Goetzmann, Ibbotson and Ross(1992), and Carhart, 

Carpenter, Lynch and Musto(2002)) on the results.  However, it is imposed as there is a large 

number of parameters to be estimated in the GMM estimation.  I also estimate the performance 

of the CEF portfolios sorted by investment sector.  The use of CEF portfolios mitigates the 

survivorship bias and look-ahead bias (Brown et al(1992), and Carhart et al(2002)) as the CEF 

portfolios include funds with even a small number of return observations.  The use of equal 

weighted CEF portfolio returns also mitigates the reverse survivorship bias of 

Linnainmaa(2013). 

I group all CEF into four portfolios as: 

1) Global/Europe11 – this portfolio includes funds with World and Europe Morningstar 

categories. 

 
11 I combine the Europe into the Global group as there are few funds in the Global category in 

the early part of the sample period. 
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2) Emerging Markets (EM) – this portfolio includes funds with Diversified Emerging Markets, 

and Latin America categories. 

3) Asia Pacific – this portfolio includes funds with Diversified Pacific/Asia, Pacific/Asia ex 

Japan Stock, and Japan Stock sectors. 

4) Other – this portfolio includes funds in the Miscellaneous, China Region, and India Equity 

sectors. 

 For each of the four investment sectors, I form an equal weighted portfolio.  At start of 

each year between 1990 and 2018, I group all CEF with a Morningstar international equity 

category from the end of the previous year and group into the four portfolios.  I then calculate 

the monthly return of the portfolios during the next year as the average monthly return of all 

funds with a return observation in that month.  I then use the November 1990 and June 2018 

period.   

B) Benchmark Assets 

 My main choice of benchmark assets to proxy for the international asset universe is to 

use the six global size/BM portfolios used in the formation of the SMB and HML factors in the 

Fama and French(1993) factor model and the gross mean return of the one-month U.S. 

Treasury Bill return.  The inclusion of the Treasury Bill gross return ties down the expected 

value of the admissible stochastic discount factors to be just below one (Farnsworth et 

al(2002)).  I collect the monthly returns of size/BM portfolios and Treasury Bill return from 

Ken French’s Data Library.   

 I also consider two alternative groups of benchmark assets.  The first group is the six 

global size/momentum portfolios used in the formation of the MOM factor, which I collect 

from Ken French’s web site.  The second group includes passive managed funds along the lines 
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of Berk and Van Binsbergen(2015) and Ferson and Lin(2014).12  These passive funds capture 

investment opportunities that are actually available to investors.  I include the monthly returns 

of five passive iShares Exchange-Traded Funds (ETF), including Core S&P 500, JPX-Nikkei 

400, Europe, Global 100, and Latin America 40.  I collect the fund return data from Morningstar 

Direct, and the data is available between February 2002 and June 2018.   

 The choice of benchmark assets should reflect the investment universe the fund 

manager trades in (Chen and Knez(1996)).  As a result, the use of global size/BM benchmark 

assets implies that they are most appropriate for measuring the performance of global CEF.  

However, we can think of the performance of the international CEF as capturing the 

performance benefits relative to the global benchmark assets.  Finding significant positive 

performance of these funds suggests that there are benefits of investing in alternative 

international equity markets, such as emerging markets, beyond the global benchmark assets.  

I will refer to the performance of the international CEF throughout the paper, but this caveat 

should be borne in mind.  

C) Candidate Models 

 I evaluate the performance of the international CEF using alternative candidate models 

of the stochastic discount factor.  The following models are used: 

1) Chen and Knez(1996) LOP measure 

 This model uses the LOP admissible stochastic discount factor of Hansen and 

Jagannathan(1991), which is the minimum second moment LOP admissible stochastic discount 

factor.   

2) CAPM 

 
12 I am grateful for the reviewer suggesting this choice of benchmark assets. 
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 This model is a single factor model, and includes the excess returns of the global market 

index. 

3) Fama and French(1993) (FF) 

 This model is a three-factor model, and includes the global market index and two zero-

cost portfolios that capture the size (SMB) and value (HML) effects in global stock returns. 

4) Fama and French(2015) 

 This model is a five-factor model.  The model includes the FF factors and two zero-

cost portfolios that capture the profitability (RMW) and investment (CMA) effects in global 

stock returns. 

5) Fama and French(2018) (FF6) 

 This model is a six-factor model.  The model includes the FF5 factors and a zero-cost 

portfolio that captures the momentum (WML) effect in global stock returns.   

The global factor data is collected from Ken French’s Data Library.  Table 1 reports 

summary statistics of the size/BM portfolios, CEF portfolios, and global factors.  The summary 

statistics of the benchmark assets (panel A) and the CEF portfolios (panel B) include the mean, 

standard deviation (Std Dev), minimum, and maximum monthly returns (%).  Panel C includes 

the mean and standard deviation of the monthly global factor excess returns, and the t-statistic 

of the null hypothesis that the average factor excess return equals zero. 

 

Table 1 here 

 

 Panel A of Table 1 shows that the spread in mean returns in the global size/BM 

portfolios range between 0.536% (Small/Growth) and 1.045% (Small/Value).  The value effect 

is a lot stronger in Small companies, with a higher mean return of the Small/Value portfolio 

compared to the Small/Growth portfolio.  There is a size effect in Value companies with the 
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Small/Value portfolio having a higher mean return than the Big/Value portfolio.  Panel B of 

Table 1 shows that the mean returns of the CEF portfolios range between 0.818% 

(Global/Europe) and 1.491% (EM).  The CEF portfolios are substantially more volatile than 

the benchmark assets.  The higher volatility of the CEF is consistent with Pontiff(1997) (see 

also Jarrow and Protter(2019)).  The Global/Europe portfolio has the lowest volatility, and the 

EM portfolio has the highest volatility.  The higher volatility implies that it can be more 

difficult to replicate the fund payoffs by the benchmark assets (Chretien and Kammoun(2017)).   

Panel C of Table 1 shows that there are five global factors which have significant 

positive mean excess returns.  The WML factor has the highest mean excess return across the 

global factors.  The RMW factor is the only factor with a higher t-statistic of 3, which is 

recommended as a cut-off t-statistic by Harvey, Liu and Zhu(2016) to control for multiple 

testing. 

D) Lagged Information Variables 

 There is a large literature that documents that stock returns are predictable by a wide 

number of lagged information variables13.  I focus on lagged information variables that might 

be linked to possible investor clienteles in CEF.  I use two lagged information variables.  Given 

that investor sentiment might be an explanation for the CEF discount (Lee et al(1991)), I use 

the one-month lag of the investor sentiment index of Huang, Jiang, Tu and Zhou(2015).  Huang 

et al develop a more powerful predictor of stock returns compared to the sentiment index of 

Baker and Wurgler(2006)14.   

 
13 See Ferson(2019) chap 32 for a review. 

14 Alternative sentiment indexes has been developed by Chen, Tang, Yao and Zhou(2020).  See 

Zhou(2018) for a review. 
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The second lagged information variable is the one-month lag of the level of aggregate 

liquidity from Pastor and Stambaugh(2003).  The motivation for this lagged information 

variable stems from the potential liquidity benefits that international CEF can provide.  These 

lagged information variables are both domestic variables and can have an impact on 

international CEF as their shares trade on the domestic stock exchanges.  However using 

country specific variables (Hwang(2011)) might be more appropriate but I do not pursue here.  

It might be the international CEF are able to provide more value added when sentiment or 

aggregate liquidity is low.       

IV Empirical Results 

 I begin the empirical analysis by estimating the BC and LOP performance for the CEF 

portfolios using the size/BM portfolios as the benchmark assets.  Table 2 reports the empirical 

results.  Panel A includes the summary statistics of the fitted values of the admissible BC and 

LOP stochastic discount factors with respect to each CEF portfolio.  The summary statistics 

include the mean, standard deviation (Std Dev), minimum, maximum, and the proportion of 

fitted admissible stochastic discount factors below zero (Prop (y<0)).  Panel B reports the LOP 

performance (α), the BC performance, the disagreement parameter (v), and the corresponding 

t-statistics.  The remaining rows of panel B are the Wald test and p values of equal BC and 

LOP performance. 

 

Table 2 here 

 

 Panel A of Table 2 shows that the BC admissible stochastic discount factors have a 

mean value of 0.997.  Including the average gross return of the one-month Treasury Bill in the 

benchmark assets ties down the expected value of admissible stochastic discount factors to be 

below one, which is an important issue in fund performance (Dahlquist and Soderlind(1999)).  
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The higher volatility of admissible BC stochastic discount factors stems from the maximum 

Sharpe ratio constraint.  There are only a small proportion of fitted BC stochastic discount 

factor values below zero, which contradicts the NA restriction (Cochrane(2005)).  This finding 

is similar to Chretien and Kammoun(2017).   

 Panel B of Table 2 shows that the LOP performance of the CEF portfolios is positive 

except for the Asia Pacific CEF portfolio.  The LOP performance of the EM CEF portfolio is 

large in economic terms but is not statistically significant.  The standard errors are high in the 

LOP and BC performance measures, which can make it difficult to find significant 

performance, even when performance is large.  All of the CEF portfolios have large BC 

performance, which is significantly positive except for the Asia Pacific CEF portfolio.  This 

result suggests that international CEF portfolios deliver significant value added to the BC of 

investors, and is consistent with Chretien and Kammoun(2017,2018).   

 Table 2 also shows that there are large differences between the BC and LOP 

performance for each CEF portfolio.  The Wald test rejects the null hypothesis that the BC and 

LOP performance are equal for each CEF portfolio.  Likewise, the disagreement measures are 

all significantly positive.  These results suggest that clientele effects is an important issue in 

evaluating international CEF performance and is consistent with Ahn et al(2009), Ferson and 

Lin(2014), and Chretien and Kammoun(2017,2018).  Using the arguments in Chretien and 

Kammoun(2018), the significant differences in BC and LOP performance suggest that the LOP 

measure misrepresents the performance of the BC of investors. 

 I examine two robustness tests to the results in Table 2.  First, I first consider the impact 

of adding the NA restriction to the BC performance.  I estimate the BC performance of the 

international CEF portfolios with the NA restriction.  The BC performance is similar to Table 

2.  Second, I examine the impact of using alternative benchmark assets.  I repeat the tests of 

Table 2 but this time use the size/momentum portfolios or the passive ETFs as the benchmark 
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assets.  The results are reported in Tables A.1 and A.2 in the Appendix.  The results are 

generally similar to Table 2.  All of the CEF portfolios have large positive BC performance, 

which is statistically significant at the 10% level in all cases but one.  The LOP performance 

of the CEF portfolios are more positive using the alternative benchmark assets, but there 

continues to be large differences between the BC and LOP performance measures. 

 The results in Table 2 report the unconditional BC performance of the CEF portfolios.  

I next examine the conditional BC performance of the international CEF portfolios.  Table 3 

reports the results using the investor sentiment index (panel A), and the level of aggregate 

liquidity (panel B) as the lagged information variable.  The table includes the constant and 

slope coefficient in the conditional BC performance function, and the corresponding t-statistics.  

The table also includes the disagreement measure (v) and t-statistic.  To conserve space, I do 

not report the summary statistics of the BC admissible stochastic discount factors. 

 

Table 3 

 

 Table 3 shows that the constant performance in the BC measure is positive and large, 

and statistically significant at the 10% level, except for the Asia Pacific CEF portfolio.  In 

contrast, there is little evidence that the conditional BC performance of the CEF portfolios 

varies through time using either lagged information variable.  The slope coefficients in the 

conditional BC performance function of the CEF portfolios are small and close to zero.  The 

slope coefficient is only statistically significant for the Global/Europe CEF portfolio using the 

level of aggregate liquidity as the lagged information variable.  The disagreement measures 

remain statistically significant in each case.  The lack of significant time variation in the 

conditional BC performance of the CEF portfolios could arise for different reasons.  First, it 

might depend on the sample period being used and the choice of lagged information variables.  
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Second, it might stem from using U.S. lagged information variables, rather than global 

information variables.  Given the results in Table 3, for the remainder of the paper I focus on 

the unconditional BC performance. 

I next examine the performance of the international CEF portfolios using the four global 

factor models.  Tables 4 and 5 report the results.  Table 4 includes summary statistics of the 

fitted stochastic discount factor values for each model (panel A) and the stochastic discount 

factor coefficients and the corresponding t-statistics (panel B).  Table 5 report the performance 

(α) and t-statistics of the international CEF portfolios using the different models.  The 

remaining rows of the Table are the Wald test and p values of the null hypothesis of the equal 

BC and factor model performance using the size/BM portfolios as the benchmark assets. 

 

Table 4 here 

Table 5 here 

 

 Table 4 shows that all of the linear factor models have a mean fitted stochastic discount 

factor value of 0.997 due to estimating the linear factor models to correctly price the one-month 

Treasury Bill return.  The CAPM and FF3 models have a much lower volatility than the FF5 

and FF6 models.  The lower volatility implies that the CAPM and FF3 models would be less 

likely to satisfy the Hansen and Jagannathan(1991) volatility bounds.  The higher volatility of 

the FF5 and FF6 models come at the expense of some negative fitted stochastic discount factor 

values, which contradicts the NA restriction (Cochrane(2005)),  The proportion of negative 

fitted values is however small. 

 Panel B of Table 4 shows that all of the slope coefficients of the Market factor are 

significantly negative.  A negative slope coefficient is consistent with a positive factor premium 

(Cochrane(2005)).  In the FF3 model, the HML factor has a significant negative slope 
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coefficient but the SMB factor does not.  In contrast, in the FF5 and FF6 models, the HML 

factor is no longer statistically significant but the SMB factor is highly statistically significant.  

This result stands in sharp contrast to the average excess factor returns in Table 1.  Cochrane 

points out that that this difference stems from the fact that a significant slope coefficient on a 

factor in the stochastic discount factor model tells us whether the factor is important given the 

other factors in the model15. 

 Table 5 shows that there is no statistically significant performance for any of the 

international CEF portfolios using the linear factor models.  The Global/Europe and Asia 

Pacific CEF portfolios have a tiny performance.  In contrast, the EM CEF portfolio has large 

positive performance but due to high standard errors is not statistically significant.  The lack 

of significant positive international CEF performance is consistent with Patro(2001) and Lee 

et al(2010).  The performance of the CEF portfolios are pretty similar across the four linear 

factor models.  In contrast, in domestic equity open-end fund performance, the benchmark 

choice can have a big impact on fund performance such as Lehmann and Modest(1987) and 

Grinblatt and Titman(1994). 

 Comparing the performance of the international CEF portfolios using the linear factor 

models in Table 5 to Table 2 reveals large differences in estimated performance.  The Wald 

test is able to reject the null hypothesis of equal BC and linear factor model performance 

measures at the 10% level for the Global/Europe, EM, and Other CEF portfolios, across all 

factor models.  The significant Wald tests suggest that using the linear factor models to estimate 

fund performance misrepresents the performance of the BC of investors and is consistent with 

Chretien and Kammoun(2018).  This again highlights the importance of clientele effects in 

 
15 See the related discussion using different empirical methods in Kan, Robotti and 

Shanken(2013). 
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evaluating international CEF performance.  The magnitude of the differences in performance 

is larger here than among open-end funds in Chretian and Kammoun.  This difference is likely 

due to the higher volatility of the international CEF, which makes the payoffs of the funds more 

difficult to replicate (Chretien and Kammoun(2017)). 

To explore the difference between the BC performance and the alternative linear factor 

models in more detail, Chretien and Kammoun(2018) derive a performance decomposition, 

(see Appendix).  The performance difference between αBC and αFM for a CEF portfolio depends 

upon two terms.  The first term is the difference between the BC and LOP measures of the CEF 

portfolio, which is fixed across factor models.  The second term is how well the linear factor 

model correctly prices the best replicating payoff and the replication error of the CEF portfolio.   

The vast majority of the performance differences between Table 5 and Table 2 is driven 

by the difference in the BC and LOP performance.  This result holds for each CEF portfolio.  

The CAPM and FF3 models struggle to correctly price the best replicating payoff for each CEF 

portfolio, which is likely due to the lower volatility of the CAPM and FF3 stochastic discount 

factors.  The pricing errors of the replication errors of the CEF portfolios are small and close 

to zero using the CAPM and FF3 models.  In contrast, the FF5 and FF6 models do a much 

better job pricing the best replicating payoffs of the CEF portfolios, except for the 

Global/Europe CEF portfolio, but have higher pricing errors of the replication errors of the 

CEF portfolios. 

I next examine whether there are any further differences between the BC admissible 

stochastic discount factors and the stochastic discount factors from the alternative models.  I 

consider this in three ways.  First, I estimate the correlations between the BC admissible 

stochastic discount factors, and the stochastic discount factors of the alternative models (see 

panel A of Table 6).  Second, I examine the higher moments of the different stochastic discount 

factor models (univariate skewness and kurtosis), and the corresponding first-order 
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autocorrelation (see panel B of Table 6).  I test the null hypothesis of univariate normality 

separately using the skewness, and kurtosis estimates.  I test whether the first order-

autocorrelation equals zero assuming an approximate standard error of 1/√T (Campbell, Lo and 

Mackinlay(1997))16.  Third, I estimate the correlations between the BC admissible stochastic 

discount factors and the excess market return, and the contemporaneous values of the investor 

sentiment index and aggregate liquidity level (see Chretien and Kammoun(2019)) in panel C 

of Table 6. 

 

Table 6 here 

 

 Panel A of Table 6 shows that the BC and LOP admissible stochastic discount factors 

are highly correlated with one another.  In contrast, there are much lower correlations between 

the BC admissible stochastic discount factors, and the stochastic discount factors of the linear 

factor models.  There are also different higher moments between the BC admissible stochastic 

discount factors and the linear factor models in panel B of Table 6.  The linear factor models 

have higher kurtosis measures than the BC admissible stochastic discount factors, and the 

CAPM, and FF3 models have significant positive skewness.  It is only the Global/Europe CEF 

portfolio that has significant negative skewness, but the results suggest that linear factor models 

result in more non-normal stochastic discount factors.   

All of the stochastic discount factor models have positive first-order autocorrelation in 

panel B of Table 6, which is statistically significant except for the Global/Europe and Other 

 
16 Chretien(2012) shows that with one and two period risk-free zero-coupon bonds in the payoff 

set imposes tight constraints on the first-order autocorrelation of admissible stochastic discount 

factors. 
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CEF portfolios.  The multifactor models have a higher first-order autocorrelation than the BC 

admissible discount factors and so will not satisfy the autocorrelation bound of Chretien(2012), 

where it should be close to zero.  Panel C shows that the BC admissible stochastic discount 

factors have a significant negative correlation between the excess market return and the 

investor sentiment index.  These correlations are consistent with Chretien and 

Kammoun(2019).  The significant negative relation with the excess market return is consistent 

with a rational perspective where if low market returns captures bad states of the world, then 

we expect higher m values in those states (Ferson(2019)).  The significant negative relation 

with investor sentiment is consistent with a behavioural perspective.  These patterns such that 

the BC of investors reflect both risk-averse, and behavioral characteristics (Chretien and 

Kammoun).  

My analysis so far has used international CEF portfolios.  I next examine the 

performance of the individual CEF using the different models.  Tables 7 and 8 report the results.  

Table 7 includes a summary of individual CEF performance.  Panel A includes the cross-

sectional mean and standard deviation of individual CEF performance.  The t-stat examines the 

null hypothesis that the average fund performance equals zero, and is given by equation (A.9) 

in the Appendix.  Panels B and C report the 5%, 10%, 25%, 50%, 75%, 90%, and 95% 

percentiles of the individual alphas and t-statistics.  Panel D includes the proportion (Prop) of 

funds with positive (> 0), negative (< 0) performance, and those which are statistically 

significant (Sig) at the 10% level.   

Table 8 reports statistical tests of comparing the BC performance of the individual CEF 

to the alternative candidate stochastic discount factor models.  The Mean Diff is the difference 

in cross-sectional average BC performance and the cross-sectional average performance from 

the alternative stochastic discount factor model.  The SD Diff is the difference in the cross-

sectional volatility of the BC performance and the cross-sectional volatility of performance of 
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the alternative models.  The t-stat below each measure comes from equations (A.10) and (A.11) 

in the Appendix.  The remaining rows include the correlation between the BC performance and 

the performance from the alternative models, and the proportion of funds that have significant 

Wald tests at the 10% level. 

 

Table 7 here 

Table 8 here 

 

Panel A of Table 7 shows that the average CEF performance is large and highly 

statistically significant using the BC measure.  Nearly all individual CEF have positive BC 

performance and a minority of funds have significant positive BC performance.  The relatively 

small proportion of CEF with significant positive BC performance stems from the high 

standard errors.  The BC performance of the individual CEF is consistent with the international 

CEF portfolios. 

In contrast to the BC performance in Table 7, the average CEF performance is close to 

zero using the LOP measure and the global factor models.  There is little difference in the 

average performance across the alternative stochastic discount factor models.  There is a fairly 

even split between the proportion of funds with positive and negative performance and there is 

a small proportion of funds with significant negative performance.  The pattern of results is 

consistent with Chretien and Kammoun(2018) that the choice of the alternative stochastic 

discount factor models has little impact on individual fund performance. 

Table 8 shows that the differences in both the mean and volatility of the individual BC 

performance and the performance of the alternative models are highly statistically significant.  

The BC performance of the individual CEFs has a much higher mean performance than the 

alternative models but is also a lot more volatile.  The correlations between the BC measure 
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and alternative measures range between 0.668 (BC/FF6) and 0.746 (BC/FF).  A minority of 

funds have significant Wald tests, which rejects the null hypothesis of equal BC performance 

and performance using the alternative models.  The relatively small proportion of individual 

CEF with significant Wald tests is again driven by the high sampling variation in the tests.  

This pattern in performance results between the BC measure, and the alternative measures 

again highlight the importance of clientele effects in evaluating fund performance. 

Tables 7 and 8 show that individual CEF tend to provide superior performance for their 

BC of investors.  In contrast, the alternative models based on LOP or global factor models 

suggest neutral CEF performance, which is consistent with Patro(2001) and Lee et al(2010).  

There is substantial investor disagreement between the BC measure and all the alternative 

stochastic discount factor models.  The alternative stochastic discount factor models tend to 

misrepresent the performance of the BC of investors, which is consistent with Chretien and 

Kammoun(2018). 

V Conclusions 

 I use the approach of Chretien and Kammoun(2017,2018) to examine whether investor 

clienteles play an important role in evaluating the performance of U.S. international equity 

CEF.  There are two main findings to my study. 

 First, I find that clientele effects play an important role in the evaluating the 

performance of international equity CEF.  There are large differences in performance using the 

BC measure compared to the alternative stochastic discount factor models.  Using the BC 

measure, the international CEF provide large performance benefits for the BC clientele of 

investors.  The Global/Europe, EM, and Other CEF portfolios provide significant positive BC 

performance.  Nearly all individual CEF have positive BC performance but due to high 

standard errors, only a minority of individual CEF have significant positive BC performance.  
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The finding the CEF provide superior performance from the perspective of the BC of investors 

is consistent with Chretien and Kammoun(2017,2018), and Ahn et al(2009). 

 In contrast, using the alternative stochastic discount factor models, the performance of 

the international CEF is neutral.  The average individual CEF performance is close to zero and 

there is a much more even split of individual CEFs with positive and negative performance.  

Three of the CEF portfolios also provide neutral performance.  It is only the EM CEF portfolio 

that provides large positive performance, but it is not statistically significant due to the high 

standard errors.  This pattern in performance is consistent with Chretien and Kammoun(2018).  

The choice of alternative stochastic discount factor models has little impact on fund 

performance, which is consistent with Farnsworth et al(2002).  The finding of neutral 

performance using the alternative models is consistent with Patro(2001) and Lee et al(2010).  

The importance of clientele effects in evaluating fund performance is consistent with Ahn et 

al(2009), Ferson and Lin(2014), and Chretien and Kammoun(2017,2018) among others. 

 Second, I find that the alternative stochastic discount factor models based on the LOP 

admissible stochastic discount factor, and global factor models suffer from the 

misrepresentation problem of Chretien and Kammoun(2017).  The alternative models 

misrepresent the performance of the BC of investors.  The Wald test rejects the null hypothesis 

of equal BC performance and performance from alternative models for the CEF portfolios in 

the vast majority of cases.  A minority of individual CEF have significant Wald tests as well.  

There are significant differences in both the cross-sectional mean and volatility of individual 

BC performance and the cross-sectional mean and volatility of the individual fund performance 

using the alternative models.  This finding is consistent with Chretien and Kammoun(2018).   

 My study suggests that clientele effects play an important role in evaluating the 

performance of international equity CEF, and CEF provide superior performance for their BC 

of investors.  My study has used the BC performance to evaluate performance from the clientele 
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of investors most favourable to the fund.  An alternative approach would be to use the upper 

gain-loss bound of Bernardo and Ledoit(2000).  Likewise clientele effects could be examined 

using the Minimum Discrepancy NA admissible stochastic discount factors of Almedia, 

Ardison and Garcia(2020).  My study uses 2 U.S. lagged information variables to estimate 

conditional BC performance.  A broader set of local as well as global lagged information 

variables to evaluate conditional BC performance could be considered.  I leave these issues to 

future research. 
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Table 1 Summary Statistics of Benchmark Assets, CEF Portfolios, and Global Factors 

Panel A: 
Benchmark Mean Std Dev Minimum Maximum 
Small/Growth 1.00536 5.21394 0.75280 1.16810 
Small/Neutral 1.00815 4.46466 0.77450 1.14300 
Small/Value 1.01045 4.13972 0.80220 1.11860 
Big/Growth 1.00677 4.24360 0.82540 1.11480 
Big/Neutral 1.00773 4.09867 0.81170 1.11620 
Big/Value 1.00761 4.57183 0.77700 1.16060 
Panel B: 
CEF Portfolios Mean Std Dev Minimum Maximum 
Global/Europe 1.00818 5.54998 0.75383 1.21862 
EM 1.01491 8.30458 0.64345 1.31802 
Asia/Pacific 1.00907 6.91299 0.75555 1.37347 
Other 1.01075 7.30172 0.70867 1.36419 
Panel C: 
Factors Mean Std Dev              t-statistic 
Market 0.519 4.141 2.281  
SMB 0.143 1.898 1.37  
HML 0.295 2.276 2.361  
RMW 0.335 1.449 4.211  
CMA 0.205 1.873 2.001  
WML 0.599 3.847 2.831  

 
* Significant at 5% 
 
The table reports summary statistics of the benchmark assets, CEF portfolios, and global factors 
between November 1990 and June 2018.  All data is in the U.S. $.  The summary statistics in 
panel A (benchmark assets) and panel B (CEF portfolios) include the mean, standard deviation 
(Std Dev,%), minimum, and maximum monthly returns.  The benchmark assets in panel A are 
six global size/BM portfolios.  The summary statistics in panel C (Factors) include the mean 
and standard deviation of the excess global factor returns of the five factors in the global version 
of the Fama and French(2015) model (Market, SMB, HML, RMW, CMA), and the momentum 
factor (WML).  The final column in panel C is the t-statistic of the null hypothesis that the 
average excess factor return equals zero. 
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Table 2 BC Performance of the CEF Portfolios 
 
Panel A: 
Admissible SDF  Mean Std Dev Minimum Maximum Prop (m<0) 
LOP 0.997 0.428 -0.769 2.435 0.021  
Global/Europe 0.997 0.491 -0.694 2.419 0.021  
EM 0.997 0.491 -0.792 2.412 0.024  
Asia Pacific 0.997 0.491 -0.714 2.466 0.024  
Other 0.997 0.491 -0.654 2.524 0.027  
Panel B:  
Performance LOP α t-stat BC α t-stat v t-stat 
Global/Europe 0.075 0.46 0.738 2.171 8.701 2.231 

EM 0.409 1.11 1.855 2.691 3.985 2.101 

Asia Pacific -0.237 -0.82 0.887 1.58 5.121 2.111 

Other 0.029 0.09 1.217 2.001 4.850 2.071 

 Wald p value     
Global/Europe 4.758 0.029     
EM 4.875 0.027     
Asia Pacific 4.426 0.035     
Other 4.643 0.031     

 
1 Significant at 5% 
2 Significant at 10% 
 
The table reports summary statistics of the BC and LOP admissible stochastic discount factors 
(panel A) and the BC and LOP performance (panel B) of four U.S. international equity CEF 
portfolios.  The sample period is November 1990 and June 2018.  The benchmark assets are 
six global size/BM portfolios and the mean gross return of the one-month U.S. Treasury Bill.  
Panel A includes summary statistics of the fitted values of the LOP and BC admissible 
stochastic discount factors.  The summary statistics include the mean, standard deviation (Std 
Dev), minimum, maximum, and the proportion (Prop (m<0)) of negative values.  Panel B 
reports the LOP performance (α), BC performance, the disagreement measure (v), and the 
corresponding t-statistics.  The final rows of panel B are the Wald test and p value of the null 
hypothesis of equal BC and LOP performance.  The test statistics are corrected for the effects 
of heteroskedasticity and serial correlation using the automatic lag selection (without 
prewhitening) of Newey and West(1994). 
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Table 3 Conditional BC Performance of International CEF Portfolios 
 
Panel A: 
Sentiment Constant α t-stat Slope α t-stat v t-stat 
Global/Europe 0.885 2.061 -0.072 -1.26 9.262 2.121 

EM 1.994 2.931 -0.015 -0.08 4.228 1.971 

Asia Pacific 0.997 1.662 -0.065 -0.68 5.425 2.001 

Other 1.217 1.971 0.026 0.26 5.128 2.001 

Panel B: 
Liquidity Constant α t-stat Slope α t-stat v t-stat 
Global/Europe 0.615 1.772 0.099 1.752 9.053 2.231 

EM 2.065 2.331 -0.083 -0.58 4.148 2.111 

Asia Pacific 0.950 1.51 0.035 0.31 5.377 2.061 

Other 1.230 1.852 0.081 0.92 5.081 2.081 

 
1 Significant at 5% 
2 Significant at 10% 
 
The table reports the conditional BC performance of four U.S. international equity CEF 
portfolios.  The sample period is November 1990 and June 2018.  The benchmark assets are 
six global size/BM portfolios and the mean gross return of the one-month U.S. Treasury Bill.  
The table includes the constant and slope coefficients in the conditional BC performance (α) 
function, the disagreement measure (v), and the corresponding t-statistics.  Panel A (panel B) 
refers to using the investor sentiment index (level of aggregate liquidity) as the lagged 
information variable.  The test statistics are corrected for the effects of heteroskedasticity and 
serial correlation using the automatic lag selection (without prewhitening) of Newey and 
West(1994). 
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Table 4 Summary Statistics of Candidate Linear Stochastic Discount Factor Models 

Panel A Mean Std Dev Min Max Prop (y<0)   
CAPM 0.997 0.125 0.667 1.605 0    
FF3 0.997 0.212 0.355 1.874 0   
FF5 0.997 0.437 -0.951 2.276 0.027    
FF6 0.997 0.467 -0.899 2.459 0.024    
Panel B CAPM  FF3  FF5  FF6  
 Coeff t-stat Coeff t-stat Coeff t-stat Coeff t-stat 
Constant 1.013 59.561 1.042 31.141 1.189 23.501 1.216 22.191 

Market -3.033 -1.682 -3.717 -1.922 -10.285 -4.561 -10.829 -4.541 

SMB   -4.245 -1.43 -11.616 -3.281 -9.843 -2.711 

HML   -6.611 -1.932 3.131 0.65 -0.426 -0.08 
RMW     -30.581 -5.321 -28.129 -4.731 

CMA     -13.490 -2.381 -11.660 -1.872 

WML       -4.749 -2.121 

 
1 Significant at 5% 
2 Significant at 10% 
 
The table reports summary statistics (panel A) of fitted stochastic discount factor values of four 
global linear factor models, and the stochastic discount factor coefficients and t-statistics of the 
factors in each model (panel B).  The sample period is November 1990 and June 2018.  The 
summary statistics include the mean, standard deviation (Std Dev), minimum, maximum, and 
the proportion (Prop (y<0)) of negative fitted stochastic discount factor values.  The t-statistics 
are corrected for the effects of heteroskedasticity and serial correlation using the automatic lag 
selection (without prewhitening) of Newey and West(1994).  
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Table 5 Performance of International CEF Portfolios: Alternative Models 
 

Panel A CAPM α t-stat FF3 α t-stat FF5 α t-stat FF6 α t-stat 
Global/Europe 0.004 0.03 -0.028 -0.19 0.021 0.11 -0.000 -0.00 
EM 0.578 1.29 0.494 1.18 0.570 1.46 0.530 1.35 
Asia Pacific 0.081 0.27 -0.019 -0.07 0.063 0.21 0.064 0.22 
Other 0.208 0.68 0.099 0.36 0.131 0.40 0.146 0.45 
Panel B CAPM  FF3  FF5  FF6  
 Wald p value Wald p value Wald p value Wald p value 
Global/Europe 5.840 0.015 6.128 0.013 5.679 0.017 5.572 0.018 
EM 3.357 0.066 3.980 0.046 3.967 0.046 3.922 0.047 
Asia Pacific 2.073 0.149 2.763 0.096 2.370 0.123 2.418 0.119 
Other 2.872 0.090 3.888 0.048 3.905 0.048 3.870 0.049 

 
The table reports the performance (α) and t-statistics (panel A) of four U.S. international equity 
CEF portfolios relative to four global factor models.  The sample period is November 1990 and 
June 2018.  Panel B reports the Wald test and p values of the null hypothesis of equality of BC 
performance and performance using the global factor models.  The BC performance is 
estimated using the gross returns on six global size/BM portfolios and one-month U.S. Treasury 
Bill.  The test statistics are corrected for the effects of heteroskedasticity and serial correlation 
using the automatic lag selection (without prewhitening) of Newey and West(1994). 
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Table 6 Properties of BC Admissible Stochastic Discount Factors, and Stochastic Discount 
Factors of Alternative Models 
 
Panel A: 
Correlations Global/Europe EM 

Asia 
Pacific Other LOP CAPM FF3 FF5 

EM 0.845        
Asia Pacific 0.833 0.883       
Other 0.851 0.897 0.952      
LOP 0.872 0.872 0.872 0.872     
CAPM 0.253 0.258 0.254 0.254 0.291    
FF3 0.420 0.423 0.421 0.420 0.482 0.592   
FF5 0.497 0.508 0.515 0.494 0.548 0.287 0.484  
FF6 0.478 0.492 0.506 0.489 0.540 0.268 0.453 0.935 
Panel B: 
Higher Moments Skewness Kurtosis Auto-correlation (Lag 1) 
Global/Europe -0.2071 3.6211 0.086 
EM -0.171 3.6781 0.1441 

Asia Pacific -0.144 3.7531 0.1131 

Other -0.146 3.7151 0.105 
LOP -0.3521 4.2631 0.1831 

CAPM 0.7121 4.8821 0.104 
FF3 0.2331 4.2011 0.3291 

FF5 -0.3441 4.8601 0.1701 

FF6 -0.145 4.7921 0.1351 

Panel C: 
Correlations Global/Europe EM Asia Pacific Other 
Market -0.2531 -0.2581 -0.2541 -0.2541 

Sentiment -0.1201 -0.1341 -0.1221 -0.1381 

Liquidity -0.079 -0.007 0.003 -0.016 
 
1 Significant at 5%  
 
The table reports a number of properties related to the BC admissible stochastic factors (using 
the international equity CEF portfolios), and the stochastic discount factors from alternative 
models.  The sample period is between November 1990 and June 2018.  The benchmark assets 
are the gross returns of six global size/BM portfolios and the mean gross return of the one-
month U.S. Treasury Bill.  Panel A reports the correlations between the stochastic discount 
factors of the different models.  Panel B includes the univariate skewness, kurtosis, and the 
first-order autocorrelation of the different stochastic discount factors.  Panel C reports the 
correlations between the BC admissible stochastic discount factors, and the excess market 
returns, the investor sentiment index, and the level of aggregate liquidity.  
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Table 7 Summary Statistics of Individual CEF Performance 
 
Panel A BC LOP CAPM FF FF5 FF6 
α 1.266 -0.174 0.006 -0.078 -0.011 -0.015 
σ(α) 0.845 0.730 0.465 0.504 0.601 0.569 
t-stat 6.311 -1.00 0.05 -0.65 -0.07 -0.11 
Panel B: 
α BC LOP CAPM FF FF5 FF6 
5% -0.000 -1.391 -0.623 -0.835 -1.007 -0.821 
10% 0.305 -0.745 -0.538 -0.644 -0.584 -0.631 
25% 0.634 -0.422 -0.169 -0.228 -0.224 -0.245 
50% 1.340 -0.059 0.022 -0.027 0.045 0.055 
75% 1.744 0.171 0.244 0.174 0.288 0.282 
90% 2.214 0.358 0.508 0.388 0.623 0.529 
95% 2.730 0.871 0.788 0.694 0.829 0.885 
Panel C: 
t(α) BC LOP CAPM FF FF5 FF6 
5% -0.05 -2.23 -1.90 -2.11 -1.97 -2.03 
10% 0.14 -1.91 -1.28 -1.47 -1.22 -1.33 
25% 0.79 -0.99 -0.46 -0.78 -0.67 -0.67 
50% 1.34 -0.18 0.04 -0.05 0.13 0.12 
75% 1.77 0.41 0.62 0.45 0.57 0.48 
90% 2.16 0.85 1.06 0.69 1.00 0.95 
95% 2.53 1.55 1.25 0.99 1.52 1.53 
Panel D BC LOP CAPM FF FF5 FF6 
Prop > 0 0.945 0.459 0.554 0.472 0.567 0.527 
Prop < 0 0.054 0.540 0.445 0.527 0.432 0.472 
Prop Sig>0 0.202 0.013 0.013 0 0 0 
Prop Sig<0 0 0.094 0.040 0.081 0.054 0.067 

 
1 Significant at 5% 
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The table reports summary statistics of the performance (α) of U.S. individual international 
equity individual CEF relative to alternative stochastic discount factor models between 
November 1990 and June 2018.  Individual CEF require at least 60 return observations.  The 
first two columns include the BC and LOP performance using the size/BM portfolios and the 
mean gross return of the one-month Treasury Bill as the benchmark assets.  The remaining 
columns are for the four global factor models.  Panel A includes the cross-sectional average 
(α), and standard deviation (σ(α)) of individual CEF performance.  The t-stat is the t-statistic 
of the null hypothesis that the average fund performance equals zero.  Panels B and C report 
the 5%, 10%, 25%, 50%, 75%, 90%, and 95% percentiles of the individual alphas (panel B) 
and t-statistics (panel C).  Panel D includes the proportion (Prop) of funds with positive (> 0) 
and negative (< 0) performance, and those which are statistically significant (Sig) at the 10% 
level.  The t-statistics of individual CEF performance are corrected for the effects of 
heteroskedasticity and serial correlation using the automatic lag selection (without 
prewhitening) of Newey and West(1994). 
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Table 8 Tests of Differences between the BC Measure and Alternative Models 
 
 LOP CAPM FF FF5 FF6 
Mean Diff 1.440 1.260 1.344 1.277 1.282 
t-stat 10.531 8.841 9.831 9.231 8.601 

SD Diff 0.114 0.380 0.341 0.243 0.276 
t-stat 1.872 7.901 6.981 4.311 4.701 

Corr 0.741 0.724 0.746 0.723 0.668 
Wald Sig 0.418 0.297 0.364 0.391 0.418 

 
1 Significant at 5% 
2 Significant at 10% 
 
The table reports statistical tests of the impact of investor disagreement on the performance of 
U.S. individual international equity CEF.  The sample period is November 1990 and June 2018.  
Individual CEF require at least 60 return observations.  The benchmark assets are six global 
size/BM portfolios and the mean gross return of the one-month U.S. Treasury Bill to estimate 
the BC and LOP performance measures.  The Mean Diff is the difference in the cross-sectional 
mean BC performance and the cross-sectional mean performance of the alternative model.  The 
t-stat is the t-statistic that the Mean Diff is equal to zero.  The SD Diff is the difference in the 
cross-sectional standard deviations of the BC performance and the performance of the 
alternative models.  The t-stat is the t-statistic that the SD Diff is equal to zero.  Corr is the 
correlation between the BC performance and the performance from the alternative model.  The 
final row is the proportion of funds with significant Wald tests, at the 10% level, of equal BC 
performance and performance from the alternative model.  The Wald test is corrected for the 
effects of heteroskedasticity and serial correlation using the automatic lag selection (without 
prewhitening) of Newey and West(1994). 
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Appendix 

1. GMM Moment Conditions 

 To estimate the BC performance as in Chretien and Kammoun(2017), define N as the 

number of benchmark assets, a is a (N,1) vector of coefficients in the LOP stochastic discount 

factor, c is a (N,1) vector of weights used to calculate the best replicating payoff of the CEF, 

RNt+1 is a (N,1) vector of gross returns of the N benchmark assets at time t+1, Rit+1 is the gross 

return of benchmark asset i at t+1, Rpt+1 is the gross return on the CEF at time t+1, h is the 

maximum Sharpe performance, and RF is the gross risk-free return.  The disagreement measure 

is given by v and αBC is the BC performance measure.  Define the following residuals: 

    u1t+1 = [(a’RNt+1)Rit+1 – 1]       for i=1,…..,N                                   (A1) 

                                 u2t+1 = [(Rpt+1 – c’RNt+1)Rit+1]   for i=1,…..,N                                  (A2) 

                             u3t+1 = [(a’RNt+1+ v(Rpt+1 – c’RNt+1))2 – (1 + h2)/RF
2]                      (A.3) 

                              u4t+1 = [(a’RNt+1+ v(Rpt+1 – c’RNt+1))Rpt+1 – 1 – αBC]                        (A.4) 

The moment conditions g are given by [E(u1t+1), E(u2t+1), E(u3t+1), E(u4t+1)].  There are 2N+2 

moment conditions and 2N+2 parameters and so the system is exactly identified.  The 

parameters are estimated to set g = 0.  The first set of moment conditions based on (A1) identify 

the LOP stochastic discount factor.  The second set of moment conditions based on (A2) 

identify the best replicating payoff of the CEF from the benchmark assets.  The moment 

conditions based on (A3) and (A4) identify the disagreement measure and BC performance 

respectively. 

 Chretien and Kammoun(2017) show that the LOP performance (αLOP) of the fund can 

be estimated by augmenting an additional equation to (A1) to (A4) given by: 

                          u5t+1 = [(a’RNt+1)Rpt+1 – 1 – αLOP]                                            (A5)            
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Equation (A5) identifies the LOP performance of the CEF.  The system of moment conditions 

g are now given by [E(u1t+1),E(u2t+1),E(u3t+1), E(u4t+1),E(u5t+1)].  The system of moment 

conditions remains exactly identified.   

Chretien and Kammoun(2018) show that the performance of the fund using linear factor 

models can also be estimated by adding additional equations to (A1) to (A4).  Define K as the 

number of factors in the model, fkt+1 is the excess return of factor k at time t+1, FKt+1 is a 

(K+1,1) vector of a constant with a value of 1, and the K factor values at time t+1, b is a (K+1,1) 

vector of coefficients in the stochastic discount factor of the linear factor model, and Rft+1 is 

the gross Treasury Bill return at time t+1.  To estimate the performance, we add the following 

equations to (A1) to (A4): 

                                  u6t+1 = [(b’FKt+1)Rft+1 – 1]                                                      (A6)                                               

u7t+1 = [(b’FKt+1)fkt+1]    for k = 1,…..,K                                    (A7) 

                                         u8t+1 = [(b’FKt+1)Rpt+1 – 1 – αFM]                                               (A8) 

Equations (A6) and (A7) estimate the coefficients in the linear factor model to exactly 

price the gross return of the one-month Treasury Bill, and the excess factor returns of each 

factor.  Equation (A8) identifies the performance of the CEF using the linear factor model.  The 

system of moment conditions is now g = [E(u1t+1), E(u2t+1), E(u3t+1), 

E(u4t+1),E(u6t+1),E(u7t+1),E(u8t+1)].  The system of equations remains exactly identified. 

2. t-statistics  

Chretien and Kammoun(2017,2018) propose a number of t-statistics to examine 

different null hypotheses related to individual mutual fund performance.  The first test 

examines whether the cross-sectional mean of individual fund performance is equal to zero.  

The t-statistic is given by: 

t = E(α)/σ(E(α))                                                    (A9) 
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where E(α) is the cross-sectional mean performance of the funds, and σ(E(α)) is the 

corresponding standard error.  The standard error is calculated as (σ(αi)/√Nf)*[1+(Nf – 

1)ρ(α)]1/2, where σ(αi) is the cross-sectional standard deviation of individual fund performance, 

Nf is the number of funds, and ρ(α) is the constant correlation between the alphas of any two 

funds.  Chretien and Kammoun set ρ(α) equal to 0.044 as in Barras, Scaillet and 

Wermers(2010).  I follow the same approach in this study. 

 The second test examines the null hypothesis that the cross-sectional mean BC 

performance of the individual funds equals the cross-sectional mean performance using an 

alternative model17.  This test examines the impact of investor disagreement on the average 

individual fund performance.  The t-statistic is given by: 

t = [E(αBC) – E(αALT)]/[σ2(E(αBC)) + σ2(E(αALT)) - 2ρ(αBC,αALT)σ(E(αBC))σ(E(αALT))]1/2  (A10) 

where E(αBC) and E(αALT)] are the cross-sectional mean performance of the BC measure and 

from an alternative model (LOP or linear factor model), σ(E(αBC)) and σ(E(αALT)) are the 

standard errors of the cross-sectional mean performance of the BC measure and the alternative 

model, and ρ(αBC,αALT) is the correlation between the two measures. 

 The third test examines the null hypothesis of the cross-sectional standard deviation of 

BC performance of the individual funds equals the cross-sectional standard deviation of 

performance using an alternative model.  The t-statistic is given by: 

    t = [(σ2(αBC) – σ2(αALT))√Nf]/[4σ2(αBC)σ2(αALT)(1 - ρ(αBC,αALT)]1/2                   (A11) 

where σ(αBC) and σ(αALT) are the cross-sectional standard deviations of the individual BC 

performance and individual performance using an alternative model.   

3. Performance Decomposition 

 
17 See Sheskin(1997). 
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 Chretien and Kammoun(2018) provide a performance decomposition between the BC 

alpha and the alpha from a linear factor model.  Suppressing the time subscripts, this 

decomposition is given by: 

     αBC – αFM = αBC – αLOP – (αFM – αLOP)                                                  (A12) 

Chretien and Kammoun(2017) show that αBC – αLOP = αLOP – 1 + vE(w2) and remains the same 

across all factor models.  The (αFM – αLOP) term can be written as:   

        (c’(E(mFMR) – 1) + E(mFMw))                                                      (A13) 

where c = E(RpR’)E(RR’)-1.  The difference in performance between a linear factor model and 

the LOP measure depends upon how well the linear factor model can price the best replicating 

payoff of the fund and the fund’s replication error.  Investor disagreement between the BC of 

investors and that of representative investors depends upon the performance difference the BC 

and LOP measures and how well the factor model prices the fund’s best replicating payoff and 

replication error.  
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Table A.1 BC Performance of the CEF Portfolios: Global Size/Momentum Portfolios 
 
Panel A: 
Admissible SDF Mean Std Dev Minimum Maximum Prop (m<0) 
LOP 0.997 0.391 0.089 2.499 0  
Global/Europe 0.997 0.454 -0.053 2.888 0.009  
EM 0.997 0.454 -0.001 3.699 0.003  
Asia Pacific 0.997 0.454 -0.354 3.120 0.012  
Other 0.997 0.454 -0.198 2.694 0.015  
Panel B: 
Performance LOP α t-stat BC α t-stat v t-stat 
Global/Europe 0.036 0.24 0.683 1.46 8.179 1.752 

EM 0.760 1.672 2.100 2.181 3.948 1.792 

Asia Pacific 0.205 0.78 1.262 1.902 5.007 1.782 

Other 0.227 0.81 1.339 1.922 4.757 1.742 

 Wald p value     
Global/Europe 2.468 0.116     
EM 2.934 0.086     
Asia Pacific 3.111 0.077     
Other 3.070 0.079     

 
1 Significant at 5% 
2 Significant at 10% 
 
The table reports summary statistics of the BC and LOP admissible stochastic discount factors 
(panel A) and the BC and LOP performance (panel B) of four U.S. international equity CEF 
portfolios.  The sample period is November 1990 and June 2018.  The benchmark assets are 
six global size/momentum portfolios and the mean gross return of the one-month U.S. Treasury 
Bill.  Panel A includes summary statistics of the fitted values of the LOP and BC admissible 
stochastic discount factors.  The summary statistics include the mean, standard deviation (Std 
Dev), minimum, maximum, and the proportion (Prop (m<0)) of negative values.  Panel B 
reports the LOP performance (α), BC performance, the disagreement measure (v), and the 
corresponding t-statistics.  The final rows of panel B are the Wald test and p value of the null 
hypothesis of equal BC and LOP performance.  The test statistics are corrected for the effects 
of heteroskedasticity and serial correlation using the automatic lag selection (without 
prewhitening) of Newey and West(1994). 
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Table A.2 BC Performance of the CEF Portfolios: Exchange-Traded Funds 
 
Panel A: 
Admissible SDF Mean Std Dev Minimum Maximum Prop (m<0) 
LOP 0.999 0.241 0.307 2.397 0  
Global/Europe 0.999 0.317 0.017 2.380 0  
EM 0.999 0.317 0.180 2.403 0  
Asia Pacific 0.999 0.317 0.167 2.404 0  
Other 0.999 0.317 0.310 2.222 0  
Panel B: 
Performance LOP α t-stat BC α t-stat v t-stat 
Global/Europe 0.648 1.40 1.707 2.491 3.960 1.971 

EM 0.921 1.45 2.381 2.531 2.872 1.902 

Asia Pacific 0.759 1.662 1.912 2.601 3.638 1.942 

Other 1.241 2.101 2.588 2.941 3.112 1.882 

 Wald p value     
Global/Europe 2.362 0.124     
EM 2.536 0.111     
Asia Pacific 2.447 0.117     
Other 2.572 0.108     

 
The table reports summary statistics of the BC and LOP admissible stochastic discount factors 
(panel A) and the BC and LOP performance (panel B) of four U.S. international equity CEF 
portfolios.  The sample period is February 2002 and June 2018.  The benchmark assets are five 
international Exchange-Traded Funds (ETF), and the mean gross return of the one-month U.S. 
Treasury Bill.  Panel A includes summary statistics of the fitted values of the LOP and BC 
admissible stochastic discount factors.  The summary statistics include the mean, standard 
deviation (Std Dev), minimum, maximum, and the proportion (Prop (m<0)) of negative values.  
Panel B reports the LOP performance (α), BC performance, the disagreement measure (v), and 
the corresponding t-statistics.  The final rows of panel B are the Wald test and p value of the 
null hypothesis of equal BC and LOP performance.  The test statistics are corrected for the 
effects of heteroskedasticity and serial correlation using the automatic lag selection (without 
prewhitening) of Newey and West(1994). 
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