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ABSTRACT 

 
 

Agency theory suggests that information asymmetry between mutual fund managers 

and mutual fund investors can be mitigated if managers are compensated for the private 

information that influences mutual fund risk and performance. This study investigates the 

role of active management in influencing returns and return volatility of mutual funds. 

Chapter 1 investigates whether real estate mutual funds (REMFs) outperform 

Carhart’s (1997) four-factor and index benchmarks using daily return data from the 

CRSP survivorship bias-free mutual fund database from September 1998 to December 

2013. We employ generalized autoregressive conditionally heteroscedastic (GARCH) 

volatility models to estimate more precise alphas than those generated in the extant 

studies. We document that risk-adjusted alphas of actively managed REMFs are 

statistically and economically significant, reflecting the informational advantage and 

skills of active managers. We also show that actively managed REMFs outperform the 

real estate index benchmark (Ziman Real Estate Index) and generate a yearly buy-and-

hold abnormal return of 3.64%. Active management, therefore, provides value beyond 

the diversification benefits that can be generated by investing into the real estate index. 

While active managers of REMFs generate abnormal returns (gross of expenses), they 

capture the entire amount themselves, sharing none with investors (net of expenses). 

Accordingly, the average abnormal return to investors is close to zero due to expenses 

associated with REMFs, such as management fees, 12b-1 fees, waivers, and 

reimbursements. Finally, we find that passively managed REMFs do not generate 

abnormal risk-adjusted alphas in Carhart’s (1997) four-factor model. 
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Chapter 2 examines managed volatility mutual funds (MVMFs) that utilize a 

range of investment strategies focused on portfolio volatility. These funds have increased 

in popularity in the wake of the financial crisis (December 2007 to June 2009) which 

introduced considerable volatility into the markets. We test whether MVMFs provide 

better performance during periods of recessions and expansions as compared to 

conventional mutual funds (MFs). We obtain several interesting results. First, MVMFs 

underperform compared to conventional MFs by more than 2% during the entire sample 

period. Second, MVMFs outperform conventional MFs in recessions by over 4% 

annually. Third, MVMFs underperform conventional MFs by more than 2.5% during 

expansions. Our results suggest that MVMFs can benefit investors during periods of 

recessions at the cost of performing worse during expansions. 

Chapter 3 studies MF return volatility patterns by testing a host of hypotheses for 

MFs with various style objectives. To conduct the tests, we use daily returns data from 

the CRSP survivorship bias-free mutual fund database from September 1998 to 

December 2013. We examine volatility patterns across the following nine styles: 

Passively Managed, Actively Managed, Sector, Capitalization, Growth and Income, 

Income, Growth, Hedged, and Dedicated Short Bias. We employ the exponential 

generalized autoregressive conditionally heteroscedastic (EGARCH) volatility model. 

Several results are obtained. First, we show that the financial crisis of 2007-2009 had a 

positive or a negative impact on volatility, depending on the investment style. Second, 

MF volatility behavior exhibits significant cluster effects in all styles, indicating that 

larger return shocks lead to greater increases in return volatility. Third, shock-

persistence patterns differ across various MF styles with shocks to Dedicated Short Bias 

MFs being the least persistent and Capitalization and Growth and Income being the most 
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persistent. Lastly, there is considerable negative asymmetry in MF return volatility 

changes in response to good and bad news in the sense that negative shocks to MF returns 

increase volatility more than positive shocks of the same magnitude for many Actively 

Managed MF styles. Significant negative asymmetry of this type makes the industry 

vulnerable to market downturns and should be addressed by regulators, MF 

managers, and investors. 
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CHAPTER 1 

DO REAL ESTATE MUTUAL FUNDS OUTPERFORM BENCHMARKS? 

 
1.1 Introduction 

      Actively managed mutual funds (MFs) underperform benchmarks in equity markets 

(e.g., Jensen, 1968; Fama, 1965; Gruber, 1996; Fama and French, 2010). For example, 

Fama and French (2010) find that the average manager lacks the skills necessary to 

exhibit economically significant outperformance and that MF investors in fact earn 

negative abnormal returns after costs associated with active management are accounted 

for. While Sharpe (1991) shows that this must occur, on average, due to pure arithmetic, 

he concedes “it is perfectly possible for some active managers to beat their passive 

brethren, even after costs.” 

Barras, Scaillet, and Wermers (2010) explain the long-standing puzzle of the 

underperformance of actively managed MFs by the presence of a subset of truly 

underperforming funds. They contend that the observed poor performance is driven by 

the presence of a subset of unskilled fund managers, especially over the past 20 years. 

Although active managers can destroy value in a subset of underperforming MFs, it is 

reasonable to look for a subset of MFs where active managers create value.1 

                                                
1 Blake, Elton, and Gruber (1993) examine the performance of MFs that restrict their 
assets under management (AUMs) almost exclusively to bonds. For the aggregate 
portfolio of all bond funds and for subcategories of bond funds, they find that bond MFs 
underperform relevant indexes. These indexes include government, mortgage, and 
corporate bond indexes from Lehman Brothers. On the other hand, Grinblatt and Titman 
(1989) find that Jensen measures indicate superior performance for growth equity funds 
with small AUM. They believe only portfolio managers who actively buy and sell 
securities in response to superior information can generate positive abnormal 
performance. Grossman and Stiglitz (1980) show algebraically that active managers add 
value only if they possess an informational advantage. 
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Sharpe (1975) observes that active managers can outperform the overall market 

portfolio benchmark by allocating assets to specific classes of securities. Kacperczyk, 

Sialm, and Zheng (2005) demonstrate that fund managers hold concentrated portfolios if 

they believe they have superior information for selecting profitable stocks in specific 

industries. Such a strategy can add significant value in the real estate market, where 

informed trading by experts is more likely to be found, than in the general stock market 

(Kallberg, Liu, and Trzcinka, 2000). Mori (2015) shows that new information diffuses 

gradually in the real estate sector and impacts the return and volatility of heterogeneous 

REITs asymmetrically. Furthermore, the number of REITs specialized in distinct types of 

property has increased following passage of the Revenue Reconciliation Act of 1993. 

There is evidence suggesting where the superior information used by active managers 

in various sectors may come from. Specifically, Coval and Moskowitz (2001) show that 

some MFs prefer investing in locally headquartered firms where they have informational 

advantages. They suggest that such information can be the result of superior monitoring 

capabilities or access to private information of geographically proximate firms. 

Additionally, areas in which information is difficult to obtain (remote areas or small 

towns) offer large abnormal returns to investors. These authors show that MFs earn an 

abnormal yearly return of 1.84 percent above benchmark portfolios for their respective 

asset classes by trading local securities. Nanda, Wang, and Zheng (2004) provide 

evidence that fund families choose focused investment strategies to capitalize on their 

informational advantages and to beat the market. In the real estate sector, active investors 

are believed to have access to private information and are likely to engage in 

opportunistic behavior. For example, insiders trade on the appraisal information in the 
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time that elapses between the appraisal and its public announcement as documented in 

Damodaran and Liu (1993). 

In this paper, we focus on the real estate sector where REMF managers hold a 

concentrated portfolio of real estate assets. We contribute to the literature by examining 

whether REMF managers add value by beating passive factor benchmarks and a real 

estate index benchmark. We use previously unavailable data on daily values of the fund’s 

underlying assets and returns. Such data have only been reported since September 1998. 

The data we use allow us to divide funds into two distinct categories: actively managed 

REMFs (AREMFs) and passively managed REMFs (PREMFs). 

Real estate is a critical segment of the economy and is often the largest investment for 

most households. This segment was at the center of attention during the financial crisis of 

2007-2009. Following the collapse of real estate prices in 2007, REMFs suffered runs 

due to their holdings of low-quality real estate assets, such as mortgage-backed securities 

(MBS) and real estate collateralized debt obligations (CDOs). After the crisis, however, 

REMFs quickly recovered and their total assets under management (AUM) rose from 

$51.3 billion in September 2009 to $161.4 billion in September 2013. Despite an equally 

impressive growth since the 1980s, REMFs have received only limited attention from 

financial economists. Existing studies find that REMFs do not provide positive abnormal 

performance gross of costs relative to multifactor models (Lin and Yung, 2004; O’Neal 

and Page, 2000). Such findings imply that although MF managers do not beat the market, 

investors continue to pay for their services. 

Given the importance of the question of the value of active management in real estate, 

our objective is to re-examine whether AREMF managers can generate abnormal returns. 
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In contrast to the existing literature, we show that AREMFs do produce abnormal returns. 

We find that, on average, AREMFs generate alphas ranging from 1.8 to 4.6 percent a 

year depending on the risk-factor model employed. We also show that AREMFs generate 

long-run abnormal returns in relation to the passive real estate index benchmark. Before 

expenses are taken into account, AREMFs outperform the REIT Index benchmark by 67 

percentage points from September 1998 to December 2013. The overall outperformance 

translates into 3.64 percent of the yearly buy-and-hold abnormal return. This means that 

active management provides value in addition to the diversification benefits that can be 

generated by investing into the real estate index. 

In addition, we find that AREMF managers keep the economic rents for themselves 

(in the form of expenses) and do not share abnormal returns with investors.2 Our findings 

are robust when we use models based on risk factors or measure the REMF performance 

relative to a real estate benchmark. Our results are in line with the main predictions of 

Berk and Green (2004) that MFs outperform the market portfolio based on gross returns 

only, and that MF managers do not “leave money on the table” for investors. 

Results are robust in terms of direction and significance across large and small REMF 

portfolios and various specifications of the return-generating process for all actively 

managed funds. As expected, neither PREMFs nor Ziman Real Estate Investment Trusts 

(REIT) Index outperform the risk-adjusted benchmarks, confirming the view that passive 

management does not generate abnormal returns in relation to the market. 

                                                
2 Following Berk and Van Binsbergen (2015) we refer to the product of AUM and the 
expense percentage fees as managerial compensation. Because compensation also 
includes overhead expenses and firm profits, it is not the amount of money the REMF 
manager takes home. Unfortunately, the data on the managerial salaries is not available to 
us. 
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The usual frameworks for evaluating MF performance are the Capital Asset Pricing 

Model (CAPM) of Sharpe (1964), the three-factor model of Fama and French (1993), and 

the four-factor model of Carhart (1997). Such models are superior to the alternatives 

because they provide risk-adjusted measures of performance. 3  Our methodology for 

measuring alphas differs from the existing literature in several important aspects. We 

employ the GARCH framework (Bollerslev, 1986) that specifies a model of volatility as 

well as returns and, thus, improves the precision of the parameter estimates. This 

approach to modeling is justified because volatility is found to exhibit shock persistence 

and to be dependent on lagged volatility in all specifications. We further contribute to the 

literature by analyzing REMFs in a bivariate GARCH model that captures the linkages 

between the REMFs and their real estate benchmarks. 

While Jensen’s alphas or Carhart’s alphas found in respective factor models are 

interpreted as abnormal MF returns, the problem with this interpretation is that factor 

portfolios might not be available to trade or even be known to some investors. Thus, 

Barber and Lyon (1997) argue that researchers should calculate abnormal returns as the 

buy-and-hold return on a sample portfolio minus the buy-and-hold return on a reference 

portfolio that shows the investor’s alternative investment opportunity set. Accordingly, 

we use an alternative methodology and benchmark REMF managers against the 

investment opportunity set faced by a passive real estate investor, in this case the return 

on the Ziman REIT Index aggregating all equity REITs. Using the buy-and-hold return 

measure enables us to show the value that REMFs generate, in addition to diversification 

                                                
3 Gruber (1996) defines risk-adjusted return as the alpha, which is the most relevant 
measure of the rewards an investor gets for the risk he or she takes. The alpha is a better 
predictor of future returns than past returns or expense ratios. 
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benefits obtained from investing into a benchmark portfolio of the Ziman REIT Index. 

As opposed to the previous studies that are based on monthly returns data, we use 

comprehensive daily returns data that span from September 1998 to December 2013. 

Monthly data mask the daily volatility and GARCH effects, as they are aggregative over 

time. A considerable advantage of daily data is that it contains precise information on 

daily changes in AUM reflecting daily transactions by active management. 

We use the Center for Research in Security Prices (CRSP) updated dataset that 

identifies passively managed funds that utilize indexes as the primary filter for the 

purchase and sale of securities. Splitting funds into two categories of actively and 

passively managed funds makes it possible to test the hypotheses of interest separately 

for the two groups. Creating portfolios also allows us to reduce noise in the errors 

introduced by estimating the risk-adjusted returns for individual MFs separately (Massa 

and Patgiri, 2009). 

The remainder of the paper proceeds as follows. Section 1.2 gives details on REMFs 

and develops the hypotheses. Section 1.3 describes the empirical methodology. Section 

1.4 describes the data and interprets the empirical results. Section 1.5 concludes. 

 

1.2 Real Estate Mutual Funds and Hypotheses 
 

Until recently, REITs were the only truly liquid assets related to real estate 

investments (Cotter and Roll, 2015). REITs were created in 1960 by the U.S. Congress to 

ensure that small investors could own income-producing real estate.4  They are classified 

                                                
4 REITs must derive at least 75 percent of their gross income from real estate related 
sources, including rents from real property and interest on mortgages financing real 
property http://www.sec.gov/answers/reits.htm 
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either as equity REITs or mortgage REITs. Over 90 percent of REITs can be classified as 

equity REITs. These REITs invest in income-producing real estate (Cotter and Roll, 

2015). Less than 10 percent of REITs are classified as mortgage REITs. Real estate 

operating companies (REOCs) represent another vehicle for investing in real estate. 

REOCs include construction companies, development companies, homebuilders, and real 

estate owner-operations. They differ from REITs because they are not passive investment 

vehicles and are usually subject to double taxation as standard corporations. REOCs have 

higher systematic risk and greater volatility and are found to outperform REITs in rising 

markets and underperform them in falling ones (Baker and Chinloy, 2014). 

A REMF is a specialized MF that invests almost exclusively in real-estate-related 

securities of REITs or REOCs, creating a real estate “fund of funds.” Such a structure 

results in additional fees for management, on top of the fees that the underlying REITs 

and REOCs charge. REMFs are required to invest at least 80 percent of their assets in 

real estate related securities in accordance with rule 35d-1.5 

While both REITs and REOCs hold portfolios of properties or mortgages, they differ 

substantially from the open-ended REMFs that we analyze. Shares of REMFs are priced 

on a daily basis and are linked to the value of AUM, similarly to other categories of open-

ended MFs. Diversification and liquidity provide unquestionable benefits of REMFs over 

REITs and REOCs and may explain the former’s popularity as evidenced by the growth 

in the number of REMFs over time, shown in Figure 1.1 (from 1 in 1981 to 445 in 2013). 

                                                
5 On March 31, 2001 the Securities and Exchange Commission (SEC) made effective the 
rule 35d-1, under the Investment Company Act of 1940. It requires a registered 
investment company to invest at least 80 percent of its assets in the type of investment 
suggested by its name. 
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Figure 1.1 Number of REMFs 
 
The figure provides the number of REMFs from 1980 to 2013. The source of data is the 
CRSP survivor-bias-free database. 
 

While there are numerous studies analyzing the performance of REITs, there has been 

little research on the extent to which REMF managers can deliver superior risk-adjusted 

returns. Two recent studies, using different time periods and alternative benchmarking 

models, have failed to find evidence of positive abnormal performance (O’Neal and Page 

2000; Lin and Yung 2004). Although they fail to find significant positive performance, 

Lin and Yung do find evidence of short-term performance persistence among both high 

and low-performance funds, indicating the presence of superior and inferior managerial 

skills. 

Kallberg et al. (2000) study monthly returns based on a sample of 44 MFs of REITs. 

They reach a surprising conclusion that average and median alphas of the REITs MFs in 

their sample are positive and significant, even net of expenses. In other words, REIT 
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mutual fund managers “leave money on the table” for investors. Their findings contradict 

Berk and Green’s (2004) theory purporting that MFs outperform the market portfolio 

only based on gross returns. 

There are reasons to believe that active REMF managers can add value because they 

are more informed than passive investors about the quality of real estate portfolio 

holdings. REMFs are sector funds that specialize in real estate. A wide range of studies 

have documented the difficulties in determining risk and return in real estate and the view 

that managers in this sector have superior information (Damodaran and Liu, 1993). 

Brounen, Eichholz, and Ling (2007) provide arguments in support of the view that active 

management can add value in real estate. They cite widely held views among 

practitioners that private commercial real estate markets exhibit many inefficiencies. The 

purported inefficiencies arise from an absence of centralized price information or 

transactions, illiquidity, lack of transparency in the transactions, and the heterogeneity of 

commercial real estate assets. 

By their nature, real estate acquisitions cannot be undone easily or at a low cost. The 

transaction cost is high because it includes real estate commissions, appraisal fees, taxes, 

and fees connected with stringent regulatory requirements. REITs have been subject to a 

variety of rules since their establishment on January 1, 1961.6 The main requirements to 

qualify as a REIT include the following: (1) acquire and develop real estate properties 

primarily to operate them, as opposed to resell them; (2) have a minimum of 100 

shareholders after the REIT’s first year; (3) have shares that are fully transferrable; (4) 

invest at least 75 percent of its total assets in real estate related sources; (5) derive at least 

                                                
6 http://www.sec.gov/answers/reits.htm 
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95 percent of its gross income from real estate; (6) and distribute at least 90 percent of its 

taxable income to its shareholders annually in the form of dividends. 

More recent empirical studies consistently document informational advantages 

accruing to real estate market insiders. Tidwell, Ziobrowski, Gallimore, and Ro (2013) 

show that a substantial amount of information in a REIT credit rating change 

disseminates to real estate market participants before the official credit rating change 

news release, as the stock price adjusts in the months leading up to the event. Anglin, 

Edelstein, Gao, and Tsang (2011) show that the level of information asymmetry is 

affected by the manager’s experience in the real estate sector. By active participation in 

REIT governance, REMF managers can improve the quality of corporate governance and 

quality of investor information. 

Because of the high cost of information collection for valuing real estate, active 

managers are likely to add value if they possess skills and informational advantage. 

Therefore, it is reasonable to expect that actively managed MFs investing exclusively in 

real estate will outperform the equity market in general in risk-adjusted terms. We also 

expect that AREMFs will generate value added in relation to the benchmark portfolio of 

REIT Index because active managers have an information advantage in relation to retail 

investors holding shares of REITs. 

The above arguments give rise to the following hypotheses: 

H1: Before expenses are taken into account, AREMFs outperform a benchmark. 

H2: After expenses are taken into account, AREMFs do not outperform a benchmark. 

H3: Passively managed REMFs do not outperform a benchmark. 
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1.3 Empirical Methodology 
 

Jensen (1968) used the intercept term (alpha) in the Capital Asset Pricing Model 

(CAPM) to estimate a manager’s superior performance. More recent empirical studies on 

the subject adopt either the three-factor Fama-French model (Fama and French, 1993) or 

the Carhart’s four-factor model (Carhart, 1997), also referred to as Fama-French-Carhart 

(FFC) model. We follow the latter approach by adopting a comprehensive four-factor 

model and an extended GARCH framework of analysis.7 It is especially important to 

include the momentum factor in the model because it is found to be strong at the industry 

level (Moskowitz and Grinblatt, 1999). We adopt a parsimonious GARCH (1, 1) 

framework proposed by Bollerslev (1986) to specify the volatility equation.8 Hansen and 

Lunde (2005) compare 330 different volatility models and find that GARCH (1, 1) 

provides superior forecasting of volatility, as compared with the majority of alternative 

models. GARCH (1, 1) has been previously used in real estate research (e.g., Cotter and 

Roll, 2015; Elyasiani, Mansur, and Wetmore, 2010). 

The baseline model is described as equations (1) and (2) below: 

R" = α% + β(MRP" + β+HML" + β.SMB" + β1MOM" + ϵ"     (1) 
 
h5 = ω + γϵ"8(+ + πh58(         (2) 
 
Where ϵ" = h"

(/+ν" ; ν"~𝑖𝑖𝑑 0,1 |	Ω	(𝐼58() ; 𝛾  is an ARCH parameter; 𝜋  is a GARCH 

parameter. 

Equations (1) and (2) represent the value-weighted return R"  and the conditional 

                                                
7 We test robustness using CAPM and three-factor models. Results remain valid and are 
available upon request. 
8  The time varying second moments can be modeled by other methods, e.g. ARCH 
(Engle, 1982) and stochastic volatility (Andersen, 1994). 



12 
 

volatility (h5) of returns of a portfolio, respectively, where: 

MRP" = RJ," − RL,"  is the excess return on market portfolio m on day t. RJ," is the daily 

return on market portfolio m. It is calculated as the value-weighted return on all NYSE, 

AMEX, and NASDAQ stocks obtained from CRSP. RL," is the daily return on riskless 

securities, defined as a 30-day Treasury bill rate. 

HML" is the return on the high-minus-low book-to-market portfolio on day t, 

SMB" is the return on the small-minus-big portfolio on day t, 

MOM" is the return on the up-minus-down momentum portfolio on day t, 

R" = RM," − RL," is the excess return on portfolio P on day t, where RM," is the daily return 

on portfolio p and RL,"  is the daily return on riskless securities, defined as a 30-day 

Treasury bill rate. 

For the multivariate model discussed below (equations 3-5), we use vector notations 

to simplify the presentation. In this model, 𝐅𝐭 is the vector of factors including MRP", 

HML", SMB", and MOM" (Carhart, 1997; Fama and French, 2010). The data used in the 

current study show up to 99 percent correlation between residuals for gross returns of the 

portfolio of all REMFs and REIT benchmarks. To capture the correlation between 

residuals for returns of a benchmark REIT portfolio and AREMF portfolio, we use a 

bivariate GARCH model. Specifically, we use a constant conditional correlation (CCC) 

bivariate generalized autoregressive conditionally heteroscedastic (BGARCH) model in 

which the correlation matrix is time invariant (Bollerslev, 1990). We choose a bivariate 

model because there are two dependent variables (series of 3858 daily returns of REMFs 

and the CRSP Ziman REIT value-weighted Index).  

The model is described below: 
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 𝐑𝐭 = 𝛃𝐅𝐭 + 𝛜𝐭     (3) 

   𝛜𝐭 = 𝚮𝐭
𝟏/𝟐𝛎𝐭     (4) 

                        𝚮𝐭 = 𝐃𝐭
𝟏/𝟐𝚸𝐃𝐭

𝟏/𝟐    (5) 

where 𝐑𝐭 is a 2 x 1 vector of dependent variables; 

𝛃 is a 2 x 4 vector of parameters for the 4 factor model; 

𝐅𝐭 is a 4 x 1 vector of risk factors for the 4 factor model (MRP", HML", SMB", and MOM");  

𝚮𝐭
𝟏/𝟐 is the Cholesky factor of the time-varying conditional covariance matrix Η" between 

errors of the two equations; 

𝛎𝐭 is a 2 x 1 vector of normal, independent, and identically distributed innovations; 

𝐃𝒕 is a diagonal matrix of conditional variances of the two dependent variables. 

𝐃𝐭 = 	
𝛔𝟏,𝐭𝟐 𝟎
𝟎 𝛔𝟐,𝐭𝟐

      (6) 

in which each variance 𝛔𝐢,𝐭𝟐  evolves according to a univariate GARCH model of the form  

𝛔𝐢,𝐭𝟐  = 𝛂𝐢 + 𝐳𝟏𝛜𝐢,𝐭8𝟏𝟐 + 𝐯𝟏𝛔𝐢,𝐭8𝟏𝟐      (7) 

where 𝐳𝟏 is an ARCH parameter and 𝐯𝟏 is a GARCH parameter. 

P is a matrix of time-invariant unconditional correlations of the standardized residuals of 

the two dependent variables 𝐃𝐭
8𝟏/𝟐𝛜𝐭 9 

                                                
9  Note: Because Ρ  is time invariant, the model is known as a constant conditional 
correlation (CCC). Other models such as vector half operator (VECH)-GARCH proposed 
by Bollerslev, Engle, and Wooldridge (1988) fail to ensure that the conditional variance–
covariance matrix of returns is positive semi-definite. The constant correlation GARCH 
model suggested by Bollerslev (1990) is an alternative specification to ensure a positive 
semi-definite conditional variance-covariance matrix. It is also more parsimonious than 
the diagonal VECH-BGARCH model. 
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𝐏 = 	 𝟏 𝛒𝟏𝟐
𝛒𝟏𝟐 𝟏       (8) 

In the family of BGARCH models, the diagonal elements of 𝚮5  are modeled as 

univariate GARCH models, whereas the off-diagonal elements are modeled as nonlinear 

functions of the diagonal terms (Silvennoinen and Terasvirta, 2009). Specifically, in the 

CCC-BGARCH model that we use, h(+," = ρ(+ σ(,"+ σ+,"+   (9) 

The diagonal elements σ(,"+ 	and σ+,"+  are modeled as univariate GARCH processes for 

REMFs and benchmark portfolios, and ρ(+  is a time-invariant weight interpreted as a 

conditional correlation between standardized residuals for returns of a benchmark REIT 

portfolio and REMF portfolio. In the dynamic conditional correlation (DCC) model, the 

correlation terms ρ(+," are allowed to vary over time. 

For further robustness checks against the constant conditional correlation (CCC) 

model, we also estimate the parameters in a DCC bivariate GARCH model. Engle (2002) 

finds that the DCC model provides a very good approximation of time varying 

correlation processes and is often the most accurate as compared with simple multivariate 

GARCH models. As described by Engle (2009), the parameters in the quasi-correlation 

matrix 𝐏 are not standardized to be correlations (i.e., between zero and one) and are, thus, 

known as quasi-correlations. To preserve parsimony, all the conditional quasi-

correlations are restricted to follow the same dynamics. The model is described as: 

 𝐑𝐭 = 𝛃𝐅𝐭 + 𝛜𝐭      (10) 

 𝛜𝐭 = 𝚮𝐭
𝟏/𝟐𝛙𝐭      (11) 

            𝚮𝐭 = 𝐃𝐭
𝟏/𝟐𝐏𝐭𝐃𝐭

𝟏/𝟐     (12) 
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  𝐏𝐭 = diag 𝐐 𝐭
8𝟏/𝟐𝐐𝐭diag 𝐐 𝐭

8𝟏/𝟐   (13) 

 𝐐𝐭 = 𝟏 − 𝛌𝟏 − 𝛌𝟐 𝐏 +	𝛌𝟏𝛜𝐭8𝟏𝛜𝐭8𝟏m + 𝛌𝟐𝐐𝐭8𝟏        (14) 

where 𝐑𝐭 is a 2 x 1 vector of dependent variables; 

𝛃 is a 2 x 4 vector of parameters for 4 factor model; 

𝐅𝐭 is a 4 x 1 vector of risk factors for 4 factor model; 

𝚮𝐭
𝟏/𝟐 is the Cholesky factor of the time-varying conditional covariance matrix 𝚮𝐭; 

𝛙𝐭 is a 2 x 1 vector of normal, independent, and identically distributed innovations; 

𝐃𝐭 is a diagonal matrix of conditional variances. 

𝐃𝐭 = 	
𝛔𝟏,𝐭𝟐 𝟎
𝟎 𝛔𝟐,𝐭𝟐

      (15) 

in which each 𝛔𝐢,𝐭𝟐  evolves according to a univariate GARCH model of the form 

           𝛔𝐢,𝐭𝟐  = 𝛂𝐢 + 𝐳𝟏𝛜𝐢,𝐭8𝟏𝟐 + 𝐯𝟏𝛔𝐢,𝐭8𝟏𝟐     (16) 

where 𝐳𝟏 is an ARCH parameter and 𝐯𝟏 is a GARCH parameter 

P is a matrix of conditional quasi-correlations between standardized residuals ϵ". 

𝐏 = 	
𝟏 𝛒𝟏𝟐,𝐭
𝛒𝟏𝟐,𝐭 𝟏       (17) 

ϵ" in equation (10) is a 2×1 vector of standardized residuals, 𝐃𝐭
8𝟏/𝟐𝛜𝐭; 

λ( and λ+ in equation (14) are parameters that govern the dynamics of conditional quasi-

correlations. λ(  and λ+  are nonnegative and satisfy 0 ≤ λ( + λ+ < 1 . If λ(  and λ+  are 

significant in empirical tests, the DCC model is relevant because the correlations are time 

varying. If λ( and λ+ are insignificant, the model reduces to CCC. 

To empirically evaluate the long-run abnormal performance of REMFs against the 

benchmark, we follow Barber and Lyon (1997). They argue that long-run abnormal 
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returns should be calculated as the long-run buy-and-hold return of a sample portfolio 

less the long-run return of an appropriate benchmark, to which they refer as the buy-and-

hold abnormal return (BHAR). They advocate the use of the buy-and-hold abnormal 

returns in tests designed to detect long-run abnormal portfolio returns. Because REMFs 

invest mostly in the equity oriented REITs, we use the Ziman Equity REIT Index, which 

is an aggregation of all equity REITs, as the benchmark portfolio. Accordingly, we 

estimate the long-run abnormal returns of REMFs (BHAR ) over period τ  using the 

following formula: 

            BHARuv = 1 + Ru" − 1 + INDEXR"v
"|(

v
"|(     (18) 

Equation (18) represents the buy-and-hold abnormal return of REMF portfolio over 

the real estate benchmark portfolio return, where: 

BHARuv is the buy-and-hold abnormal return for a REMF over the sample period τ; 

Ru"  is the return on REMF value-weighted portfolio (using total net asset value of 

individual REMFs as a weight) on day t; 

INDEXR" is the return on CRSP Ziman Equity REIT value-weighted Index on day t. 

 

1.4 Empirical Analysis 

1.4.1 The Data 

REMFs, such as REITs and REOCs, are the MFs that almost exclusively invest in 

equity securities of domestic companies engaged in the real estate industry. These funds 

are offered to retail as well as institutional investors. We obtain REMF data from the 

CRSP survivor-bias-free MF database, which includes the information on fund returns, 

total net assets (TNA), active or passive investment approach, and investment style. 
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Daily values of the fund’s underlying assets and returns were not reported before 

September 1998. Accordingly, the dataset covers the period from September 2, 1998 to 

December 31, 2013. The total assets held in REMFs went from $10.3 billion in 

September 1998 to $161.4 billion in September 2013, reflecting a 16-fold increase. 

Figure 1.2 shows the dramatic increase in the TNA of REMFs from 1981. REMFs 

manage a relatively small portion (2.7 percent) of TNA of all equity MFs, which sum up 

to $5.7 trillion as of December 2013 (ICI, 2014). The number of real estate MFs 

increased from 137 in 1998 to 445 in 2013, reflecting their popularity among investors. 

In compliance with the Securities and Exchange Commission (SEC) rules, returns are 

reported net of all fees and transaction costs. Then, gross returns can be calculated by 

adding back expenses.10 We use these gross returns in the current study to estimate the 

actual returns that funds generate before expenses. To answer the question whether active 

managers have sufficient skills to cover expenses, following Fama and French (2010), we 

use net returns. For both gross and net returns we construct value-weighted series using 

all REMFs from the database, not just those having a continuous price history over the 

period in question, in order to avoid the problem of survivorship bias. The main 

advantage of value-weighted returns is that they provide an accurate measure of the 

actual investor experience (Dichev, 2007). The portfolio consists of 137 REMFs at the 

beginning of the sample period and 415 REMFs at the end of 2013. 
                                                
10 Expenses are a ratio of total investment that shareholders pay for the fund’s operating 
expenses, which include 12b-1 fees. 12b-1 fees are paid by the fund out of fund assets to 
cover distribution expenses and sometimes shareholder service expenses. Distribution 
expenses include fees paid for marketing and selling fund shares, such as compensating 
brokers and others who sell fund shares, and paying for advertising, the printing and 
mailing of prospectuses to new investors. Shareholder service expenses are fees paid to 
persons to respond to investor inquiries and provide investors with information about 
their investments. Expenses may include waivers and reimbursements. 
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Daily returns for passively managed (index) mutual funds (PREMFs) are obtained 

from CRSP survivorship-bias-free MF database. Passively managed (index) mutual funds 

utilize indexes as the primary filter for the purchase and sale of securities. This is 

accomplished by investing in the components of a publicly recognized securities market 

index in an attempt to match its performance. The portfolio consists of three PREMFs at 

the beginning of the sample period and 39 PREMFs at the end of 2013. 

 

Figure 1.2 Total Net Assets (TNA) of REMFs 
 
The figure provides the TNA, in USD Millions, of REMFs from 1980 to 2013. The 
source of data is the CRSP survivor-bias-free database. 
 

For the real estate benchmark portfolio, we use the Ziman REIT Index — a 

commonly accepted proxy for the real-estate sector performance (Chou and Hardin, 

2014). The CRSP Ziman indices include issues identified as REITs. Further 

specifications of REIT type and property type determine membership in the appropriate 
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indices. For example, REIT types are classified as mortgage, equity, and hybrid. The 

returns show the change in the total dollar value of the portfolio (adjusted for dividends) 

over a specified period of time, per dollar in initial investment. 

Value-weighted index of daily returns for all REITs is obtained from CRSP Ziman 

Real Estate Data Series. These data are superior to other indices, such as The Dow Jones 

Real Estate Indices, because they impose no restrictions by exchange, share type, or other 

categorizations. As a proxy for the risk-free rate, we use daily returns on 30-day Treasury 

bills as reported in the Ibbotson Associates database following Lin and Yung (2004) and 

Fama and French (2010). 

Table 1.1 reports summary statistics of the portfolios of 3858 daily observations 

based on gross returns for AREMFs and PREMFs, Treasury bill rates, and the REIT 

Index. Interestingly, a portfolio of all REITs used as a benchmark has the value of daily 

returns at 0.055 percent, whereas a portfolio of all AREMFs has the respective value at 

0.056 percent. Yet, with a standard deviation of 1.875 percent, it is associated with a 

larger value of risk than a standard deviation of 1.568 percent for AREMFs, implying that 

REITs are riskier than AREMFs. The difference in variance between the portfolio of all 

REITs and AREMFs is positive and statistically significant, as an F-test reveals. 

Furthermore, we split all AREMFs into large AREMFs with AUM above $148 

million (the mean value of all AREMF AUM) and small AREMFs with AUM below 

$148 million. Choosing a mean AUM value in defining a cutoff allows avoiding the 

arbitrary selection above which REMFs will be deemed large. The portfolio of large 

PREMFs includes funds of AUM above $863 million (the mean value of all PREMF 

AUM). The portfolio of small PREMFs includes funds with AUM below $863 million. 
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Table 1.1 Summary Statistics for Daily Returns 
 
The table shows the value-weighted gross return basis points statistics of 3858 daily 
observations based on the sample of the portfolios of all non-index and index real estate 
MFs, Treasury bill rates, and REIT Index. E.g., 0.056 mean return for All AREMFs 
translates into approximately 14 percent of annualized return (0.056x252). The sample 
ranges from September 2, 1998 to December 31, 2013. The data on MFs come from 
CRSP Survivor-Bias-Free Mutual Fund Database. The “All AREMFs” and “All 
PREMFs” variables are the returns for all actively and passively managed REMFs, 
respectively. The “Large AREMFs” variable is the returns for AREMFs with AUM over 
148 MM. The “AREMF Small” variable is the returns for AREMFs with AUM less than 
148 MM. The “Large PREMFs” variable is the returns for PREMFs with AUM over 863 
MM. The “Small PREMFs” variable is the returns for PREMFs with AUM less than 863 
MM. The data on REIT Index come from the CRSP Ziman REIT Database. All REITs 
and REIT Index variables are the returns on a value-weighted All REIT Index and value-
weighted Equity REIT Index, respectively. INDEXR is the return on CRSP Ziman Equity 
REIT value-weighted Index. The Risk Free variable is the returns of Treasury bill rates 
from Ibbotson Associates database. Number of observations is 3858. 
 
 Mean Std. Dev. Min Max 

 (1) (2) (3) (4) 
 
All AREMFs 0.056 1.568 -15.465 13.559 
Large AREMFs 0.056 1.555 -15.366 13.517 
Small AREMF 0.056 1.618 -15.809 13.947 
All PREMFs 0.057 1.845 -18.377 17.402 
Large PREMFs 0.057 1.915 -19.366 18.538 
Small PREMFs 0.057 1.620 -15.115 14.973 
Risk Free 0.009 0.008 0.000 0.026 
All REITs 0.055 1.875 -18.620 17.690 
INDEXR 0.057 1.193 -19.290 18.180 
     
 
 

1.4.2 Empirical Results for AREMF Gross Returns 
 
1.4.2.1 Univariate Model Results 
 

Table 1.2 presents the main results for gross returns of the three portfolios considered: 

all AREMFs, large AREMFs, and small AREMFs. The time-series regressions are based 

on the four-factor model of Carhart (1997), described by equation (1), where volatility of 

the AREMF returns is assumed to follow a GARCH (1, 1) process, described by equation 

(2). According to the figures in Table 1.2, the daily alpha for small active funds stands at 
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0.000168, somewhat smaller than the daily alpha of 0.000178 for the large active funds. 

Both are significantly different from zero. Assuming there are 252 trading days in a year, 

these numbers translate into 4.3 and 4.6 percent of gross yearly compounded abnormal 

returns for small and large AREMFs, respectively.11 

Because we are looking at gross returns produced by AREMFs, they most likely 

reflect better results by large funds due to the economies of scale and indivisibility of 

skilled management. Large funds usually have better technology solutions and lower 

administrative expenses per dollar managed (Latzko, 1999).  Most importantly, in line 

with Berk and Van Binsbergen (2015), our results confirm the basic economic principle 

that the talent of MF managers, which is in short supply, is valuable in the real estate 

sector. We follow their rationale that MF expenses approximate managerial 

compensation.12 Column 1 of Table 1.2 shows that all AREMFs as a group produce 

abnormal yearly return (alpha) of 4.5 percent. 

While researchers did not find abnormal AREMF performance in the past, their 

failure might have been driven by the fact that their data were insufficient in size or their 

model specification and empirical techniques were inadequate to provide the necessary 

power to their tests. For example, Lin and Yung (2004) used monthly returns that covered 

116 MFs managing $10.28 billion of AUM, compared to $161.4 billion in September 

2013 used here. Similarly, O’Neal and Page (2000) examined only 28 AREMFs covering 

a sample period from 1996 to 1998.  They also used the ordinary least squares (OLS) 

estimation procedure based on the assumption of the constant error term variance. 
                                                
11  Based on the compound interest calculation (1+0.000168)^252-1=0.043 and 
(1+0.000178)^252-1=0.046 
12 A portion of the fees includes overhead expenses and firm profits. Unfortunately, the 
data on managerial compensation is not available 
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Table 1.2 Univariate GARCH (1, 1) Four-Factor Model of Excess Gross Returns of 
Portfolios of AREMFs 
 
The table reports the results based on the four-factor GARCH (1, 1) model as specified in 
equation (1) and equation (2). The dependent variables in columns 1, 2, and 3 are daily 
excess returns (over 30-day T-bills) of a value-weighted portfolio of AREMFs. Daily 
returns for the portfolios of AREMFs are obtained from CRSP survivorship bias-free MF 
database covering the period from September 2 1998 to December 31 2013. Daily risk 
factors are from Ken French’s website. MRP is the daily excess return on market 
portfolio. HML is the daily return on the high-minus-low book-to-market portfolio. SMB 
is the daily return on the small-minus-big portfolio. MOM is the daily return on the up-
minus-down momentum portfolio. The sum of the ARCH and GARCH parameters (π + 
γ) provides a measure of the persistence of shocks to the mean return of each portfolio. 
Estimations are conducted using STATA arch command that fits ARCH models by using 
conditional maximum likelihood. Number of observations is 3858. The numbers in 
parentheses are t-statistics. *, ** and *** indicate statistical significance at the 10%, 5% 
and 1% level, respectively. 
 
  All AREMFs Large AREMFs Small AREMFs 
  (1) (2) (3) 
     
PANEL A – RETURN MODEL 
     
MRP 	𝛽( 0.666*** 0.671*** 0.659*** 
  (78.73) (79.67) (75.38) 
HML 𝛽+ 0.671*** 0.670*** 0.682*** 
  (42.43) (42.49) (41.91) 
SMB 𝛽. 0.366*** 0.359*** 0.389*** 
  (21.84) (21.40) (22.77) 
MOM 𝛽1 -0.0475*** -0.0473*** -0.0504*** 
  (-4.233) (-4.231) (-4.348) 
CONSTANT 𝛼% 0.000177* 0.000178* 0.000168* 
  (1.935) (1.937) (1.826) 
     
PANEL B – VOLATILITY EQUATION 
     
ARCH 𝛾 0.0912*** 0.0904*** 0.0926*** 
  (14.41) (14.29) (14.77) 
GARCH π 0.885*** 0.884*** 0.888*** 
  (113.8) (111.4) (121.7) 
Constant 	𝜔 1.33e-06*** 1.37e-06*** 1.23e-06*** 
  (7.832) (7.798) (7.814) 
ARCH+GARCH 𝛾 + π 0.9762 0.9744 0.9806 

 
Remarkably, we find that market Betas of the constructed AREMF portfolios in our 

sample range from 0.66 to 0.67. This value is very close to 0.65 found for REITs by 

Cotter and Roll (2015) and confirms that real estate is less exposed to equity market risk 
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than most asset classes. Investing in REITs protects the value when overall stock market 

returns go down. Even though our sample includes the mortgage crisis of 2007-2008, 

AREMFs’ market beta is less than unity and indicates smaller systematic risk than the 

market basket. 

In all the models employed, we find that the GARCH (1, 1) process can adequately 

represent return volatility. Column 1 of Table 1.2 shows that coefficient π , which 

corresponds to the GARCH effect, is statistically significant and positive. The GARCH 

parameter π  determines the influence of past conditional shocks on the current 

conditional volatility. The value of this parameter is less than one for all the models, 

indicating that the necessary stationary condition is met and volatility is not explosive. 

Coefficient γ, pertaining to the ARCH effect, is positive across all the models in 

Table 1.2, indicating that larger shocks to returns have greater impacts on MF volatility 

than smaller shocks, regardless of their sign. The sum of the ARCH and GARCH 

parameters (π + γ) provides a measure of persistence of shocks to the mean for each 

portfolio. The significance of both the π and γ coefficients and the fact that their sum is 

below unity in all volatility models shows that GARCH (1, 1) is appropriate. For the 

AREMF portfolio of all funds, π and γ coefficients sum up to 0.9762. Such large value of 

the persistence measure provides evidence of highly persistent shocks to REMFs. Based 

on these parameter values, the proportion of the initial shock remaining after 7 days is 84 

percent (.9762)^7 and after 30 days, still 49 percent  (.9762)^30 of the initial shock. 

It is noteworthy that for the small AREMF portfolio, shocks persist for a longer 

period than for the large AREMF portfolio. As can be seen in Panel B of Table 1.2, the 

persistence is high at 0.9762, 0.9744, and 0.9806 for all, large, and small AREMFs, 
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respectively. Large AREMFs seem to be better at absorbing the shocks to which they are 

subjected. This may be explained by superior risk management activities of large 

AREMFs who hire more qualified portfolio managers. They are also likely to trade more 

frequently, to be more highly diversified, and to have better access to hedging markets. 

There are high levels of positive correlation between gross returns of AREMF 

portfolios and the benchmark Ziman REIT Index. The correlation ranges between 97 and 

99 percent but it is significantly different from 1, showing that common factors affect the 

returns of AREMFs and the real estate benchmark. The co-movement between active 

funds and the indexes points to the need to model the joint return-generating process of 

the two portfolios in a bivariate GARCH framework. It accounts for the interactions 

between the residuals of AREMF returns and residuals of benchmark returns and, 

therefore, yields more efficient estimates of coefficients. 

 

1.4.2.2 Bivariate Model Results 

We report in Table 1.3 the results of the time-series regressions based on the four-

factor bivariate GARCH (1, 1) model specified in equation (3) with errors specified in 

equation (4). The dependent variables in the mean equations include the AREMF excess 

gross returns and the benchmark Ziman REIT Index returns. The volatility equations 

describe the variance of the corresponding return equations. The errors of the two mean 

equations (AREMF and benchmark) are assumed to be correlated according to constant 

conditional correlations (CCC) specified in equation (9). 
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Table 1.3 Bivariate CCC-GARCH (1, 1) Four-Factor Model of Excess Gross 
Returns of Portfolios of All AREMFs and REITs 
 
The table reports the results of the time-series regressions based on the four-factor 
bivariate GARCH (1, 1) model with constant conditional correlations (CCC) between 
standardized residuals for returns of a benchmark REIT portfolio and AREMF portfolio. 
The dependent variable in column 1 is excess daily returns (over 30-day T-bills) of a 
value-weighted portfolio of AREMFs. The dependent variable in column 2 is the excess 
daily returns of a value-weighted index of the portfolio of all REITs, obtained from 
Ziman Real Estate Data. Independent variables are the same as in Table 1.2. Estimations 
are conducted using STATA mgarch command that fits models by using conditional 
maximum likelihood. Berndt–Hall–Hall–Hausman and Modified Newton–Raphson are 
the optimization techniques used.13 Number of observations is 3858. The numbers in 
parentheses are t-statistics. *, ** and *** indicate statistical significance at the 10%, 5% 
and 1% level, respectively. 
 
  All AREMFs  All REITs 
  (1)  (2) 
     
PANEL A – RETURN MODEL 
MRP 	𝛽(( 0.621*** 	𝛽+( 0.660*** 
  (59.46)  (57.65) 
HML 𝛽(+ 0.563*** 𝛽++ 0.613*** 
  (32.68)  (31.79) 
SMB 𝛽(. 0.292*** 𝛽+. 0.356*** 
  (17.00)  (18.85) 
MOM 𝛽(1 0.0102 𝛽+1 -0.00494 
  (0.934)  (-0.413) 
CONSTANT 𝛽(% 7.13e-05***   
  (2.893) 	  
     
PANEL B – VOLATILITY EQUATION 
ARCH 𝑧(( 0.0569*** 𝑧+( 0.0596*** 
  (12.75)  (12.95) 
GARCH 𝜈(( 0.931*** 𝜈+( 0.930*** 
  (176.4)  (176.6) 
Constant 	𝜈(% 6.22e-07*** 	𝜈+% 7.16e-07*** 
  (6.898)  (6.876) 
ARCH+GARCH 𝑧((+𝜈(( 0.987  0.989 
 
Correlation between standardized residuals 
for AREMF and REIT returns 

 
𝜌 

 
0.969*** 
(973.1) 

  
 

 

                                                
13 The Berndt–Hall–Hall–Hausman (BHHH) algorithm has the advantage that, under 
some conditions, convergence of the iterative procedure is guaranteed. The Modified 
Newton–Raphson procedure speeds up the convergence. 
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While the alpha in the AREMF returns equation remains economically and 

statistically significant, it becomes smaller in magnitude, compared to the case of 

univariate model results reported in Table 1.2. Specifically, assuming there are 252 

trading days in a year, the daily alpha of 0.00007 translates into 1.8 percent of yearly 

compounded abnormal return for AREMFs. 

Appendix A shows the results for large and small AREMFs. The two size groups 

are distinguished because it is widely acknowledged that MF performance depends on the 

economies of scale related to the size of mutual funds (Latzko, 1999). The correlation 

coefficient ρ between the residuals of AREMF and REIT returns range from 97 to 98 

percent, supporting strong co-movement between the actively managed portfolios and 

benchmark returns. However, a high level of correlation does not translate into identical 

returns for AREMF and REIT portfolios. At 1.82 and 1.61 percent for large and small 

AREMFs, respectively, alphas remain statistically and economically significant and 

confirm the results reported in Table 1.2 and Table 1.3. 

 

1.4.2.3 Robustness Checks 

The economic magnitudes of abnormal returns are close to the average yearly 

expense ratio of 1.8 percent for the portfolio of all AREMFs in the sample, pointing to 

the possibility that all abnormal returns will be absorbed by additional costs. These 

results call for estimation of models using the net returns, as opposed to gross returns in 

order to investigate whether active managers are able to add value for investors after 

expenses are taken into consideration. Interestingly, the expense ratio for our sample is 

somewhat lower than the 2 percent expense ratio reported by Lin and Yung (2004), 
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implying that the expense ratio has decreased over time, perhaps due to technological 

advancements and/or increased competition among AREMFs. 

Table 1.4 shows an AREMF daily alpha of 0.0001125 and confirms the results of the 

baseline univariate GARCH model. It translates into 2.88 percent of yearly compounded 

abnormal returns. 

The four-factor bivariate GARCH (1, 1) model used in Table 1.4 is described by 

equation (10) where the dynamic conditional correlations (DCC) are governed by 

parameters 𝜆( and 𝜆+ specified in equation (14). In the dynamic specification, conditional 

correlations between standardized residuals for returns of a benchmark REIT portfolio 

and AREMF portfolio are allowed to vary over time. If parameters 𝜆( and 𝜆+ in these 

models are statistically indifferent from zero, the DCC-BGARCH model reduces to the 

CCC BGARCH model. However, the Wald test rejects the null hypothesis that 𝜆( and 𝜆+ 

are zero at all conventional levels for all of the models. These results indicate that the 

assumption of time-invariant conditional correlations between standardized residuals for 

returns of a benchmark REIT portfolio and AREMF portfolio maintained in the CCC-

BGARCH model is too restrictive for these data and it could distort the findings and 

inferences. 

Appendix B reports the robustness checks taking into account the size of AREMFs 

and confirms the results reported in Table 1.4 qualitatively. Appendix B shows yearly 

compounded abnormal returns of 2.95 and 2.66 percent for the portfolios of large and 

small AREMFs, respectively. While the alphas in DCC bivariate models are statistically 

significant, their magnitudes are lower than the corresponding figures in the univariate 

GARCH models reported in Table 1.2. 
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Table 1.4 Bivariate DCC-GARCH (1, 1) Four- Factor Model of Excess Gross 
Returns of Portfolios of All AREMFs and REITs 
 
The table reports the results of the time-series regressions based on the four-factor 
bivariate GARCH (1, 1) model with dynamic conditional correlations (DCC). The 
dependent variable in column 1 is value-weighted excess daily returns (over 30-day T-
bills) of the portfolio of AREMFs. The dependent variable in column 2 is the excess daily 
returns (over 30-day T-bills) of a value-weighted index of the portfolio of all REITs. 
Independent variables are the same as in Table 1.2. Estimations are conducted using 
STATA mgarch command that fits models by using conditional maximum likelihood. 
The sum of the ARCH and GARCH parameters (π  + γ) provides a measure of the 
persistence of shocks to the mean return of each portfolio. The DCC specification allows 
for time-varying conditional correlations between standardized residuals for returns of a 
benchmark REIT portfolio and AREMF portfolio. The correlations are governed by 
parameters 𝜆( and 𝜆+ specified in equation (14). Number of observations is 3858. The 
numbers in parentheses are t-statistics. *, ** and *** indicate statistical significance at 
the 10%, 5% and 1% level, respectively. 
 
  All AREMFs  All REITs 

  (1)  (2) 
     
PANEL A – RETURN MODEL 
     
MRP 	𝛽(( 0.673*** 𝛽+( 0.731*** 
  (59.13)  (57.73) 
HML 𝛽(+ 0.642*** 𝛽++ 0.704*** 
  (34.79)  (34.37) 
SMB 𝛽(. 0.343*** 𝛽+. 0.407*** 
  (18.98)  (20.50) 
MOM 𝛽(1 -0.0392*** 𝛽+1 -0.0534*** 
  (-3.083)  (-3.858) 
CONSTANT 𝛽(% 0.000112***   
  (5.839) 	  
PANEL B – VOLATILITY EQUATION 
     
ARCH 𝑧(( 0.0616*** 𝑧+( 0.0630*** 
  (12.19)  (12.05) 
GARCH 𝜈(( 0.929*** 𝜈+( 0.928*** 
  (163.1)  (160.4) 
Constant 	𝜈(% 6.27e-07*** 	𝜈+% 7.54e-07*** 
  (6.074)  (6.243) 
 𝜆( 0.0386***   
  (8.716)   
 𝜆+ 0.959***   
  (199.3)   
ARCH+GARCH 𝑧((+𝜈(( 0.990  0.991 
Correlation between standardized 
residuals for AREMF and REIT returns 

 
𝜌 

 
0.986*** 
(158.92) 
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The results survive some additional robustness checks. These findings are not 

reported here for brevity. Specifically, we use the following alternative benchmarks and 

samples to repeat the estimation. First, because REMFs invest mostly in equity-oriented 

REITs, we use the Ziman Equity REIT Index aggregating all equity REITs as the 

alternative benchmark instead of the Ziman REIT Index. We estimate all bivariate 

models with the AREMFs and the new benchmark of equity REITs and arrive at the 

similar conclusions as discussed earlier. Second, we split all portfolios into large and 

small sub-portfolios that are created using the median values of the AUM, in addition to 

the results based on the mean values, reported here. We estimate all the models using 

DCC specifications.  Finally, we estimate the CAPM and the three-factor models using 

the full sample. Overall, the results indicate that AREMFs do generate abnormal returns, 

confirming the first hypothesis (H1). 

 

1.4.3 Empirical Results for AREMF Net Returns 

To test the second hypothesis purporting that active managers do not generate 

abnormal returns (significant alphas) after expenses, we create portfolios based on net 

returns. Net returns are reported in CRSP survivor-bias-free MF database. They are the 

returns after the expenses related to active management are taken out. Table 1.5 reports 

the results of the time-series regressions based on the four-factor GARCH (1, 1) model. 

All the models show that alphas are not statistically different from zero across all 

portfolios. In other words, net returns of AREMFs do not exhibit negative or positive 

alphas relative to the four-factor model. While it is likely that some active managers 

underperform the benchmark while others outperform it, on average, investors neither 
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gain nor lose by delegating their portfolio management to professional managers of 

AREMFs, confirming the second hypothesis (H2). Our findings point to the fact that 

while AREMFs exploit real estate market inefficiencies, they do not share abnormal 

returns with investors. 

Table 1.5 Univariate GARCH (1, 1) Four- Factor Model of Excess Net Returns of 
Portfolios of AREMFs 
 
The table reports the results of the time-series regressions based on the four-factor 
GARCH (1, 1) model. The dependent variables in columns 1, 2, and 3 are excess daily 
net returns (over 30-day T-bills) of AREMFs. Data on daily risk factors are from Ken 
French’s website. MRP is the daily excess return on market portfolio. HML is the daily 
return on the high-minus-low book-to-market portfolio. SMB is the daily return on the 
small-minus-big portfolio. MOM is the daily return on the up-minus-down momentum 
portfolio. The sum of the ARCH and GARCH parameters (π + γ) provides a measure of 
the persistence of shocks to the mean return of each portfolio. Estimations are conducted 
using STATA arch command that fits ARCH models by using conditional maximum 
likelihood. Number of observations is 3858. The numbers in parentheses are t-statistics. 
*, ** and *** indicate statistical significance at the 10%, 5% and 1% level, respectively. 
 
  All AREMFs Large AREMFs Small AREMFs 
  (1) (2) (3) 
     
PANEL A – RETURN MODEL 
     
MRP 	𝛽( 0.666*** 0.671*** 0.659*** 
  (78.74) (79.68) (75.40) 
HML 𝛽+ 0.671*** 0.670*** 0.682*** 
  (42.43) (42.49) (41.90) 
SMB 𝛽. 0.366*** 0.359*** 0.388*** 
  (21.84) (21.39) (22.75) 
MOM 𝛽1 -0.0475*** -0.0473*** -0.0504*** 
  (-4.231) (-4.233) (-4.345) 
CONSTANT 𝛼% 0.000139 0.000144 0.000119 
  (1.518) (1.563) (1.293) 
     
PANEL B – VOLATILITY EQUATION 
     
ARCH 𝛾 0.0911*** 0.0903*** 0.0926*** 
  (14.41) (14.30) (14.78) 
GARCH π 0.885*** 0.885*** 0.888*** 
  (113.9) (111.6) (121.8) 
Constant 	𝜔 1.32e-06*** 1.37e-06*** 1.23e-06*** 
  (7.833) (7.801) (7.815) 
ARCH+GARCH 𝛾 + π 0.9761 0.9753 0.9806 
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Our results contradict the findings by Fama and French (2010) who show that 

investors in MFs in the aggregate realize net returns that underperform the four-factor 

benchmark. However, their sample includes all actively managed mutual funds while 

ours is limited to AREMFs. Our findings also contradict the results of Kallberg et al. 

(2000) who show that REIT mutual funds generate net returns that outperform four-factor 

benchmark. This might be due to the fact that their sample excludes mutual funds that 

invest in real estate by owning REOCs. Our results are consistent with the theoretical 

predictions of Berk and Green (2004) and the findings of Berk and Van Binsbergen 

(2015) who show that active managers can outperform the benchmarks based on gross 

returns but investors do not experience positive alphas based on the returns net of 

expenses. 

These findings not only offer direct support for theoretical predictions that active 

managers should be remunerated for their skills but also quantify their risk-adjusted 

abnormal performance. These results have implications in terms of the recent regulatory 

calls to limit managers’ compensation after the failure of many REMFs during the 

financial crisis. More regulation of REMFs would be costly and undesirable because 

REMFs do not underperform the market. On the contrary, REMF managers, who operate 

in an opaque, inefficient, and illiquid real estate sector, should be compensated for their 

skills because they add value. 

What about the gain to investors? After costs, that is, in terms of net returns to 

investors, investment in AREMFs produces zero abnormal returns. The fact that post-

expense returns realized by investors are close to the market portfolio risk-adjusted 

returns means that investors are not making any abnormal returns by investing with 
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AREMFs. In order to avoid high expenses, investors can invest into PREMFs and 

achieve the same net returns as with AREMFs. PREMFs mimic indexes in investing, and, 

therefore, have low fees associated with their management. Similarly to AREMFs, they 

provide the benefits of diversification and liquidity. 

 

1.4.4 Empirical Results for PREMF Gross Returns 

To test hypothesis three purporting that the alpha of passively managed mutual funds 

(PREMFs) is insignificant, we use the same methodology used to test the hypothesis 

about the AREMFs. This makes the comparison between the AREMFs and PREMFs 

possible. Columns 1, 2, and 3 of Table 1.6 report the results of the time-series regressions 

based on the four-factor univariate GARCH (1, 1) model. All of the four factors are 

statistically significant. We find market betas in all PREMF return models to be lower 

than one, implying that their value is not going down or up as much as the value of the 

overall equity market. On the other hand, PREMFs do not gain value as quickly as the 

overall equity market. Market Beta values range between 0.667 for large PREMFs and 

0.675 for small PREMFs. These beta values are very close quantitatively to those we 

found for the AREMFs earlier. 

Because alphas are not significantly different from zero in any of the portfolios of the 

passive REMFs, there is no reason to believe that the passively managed portfolios yield 

abnormal returns relative to market portfolio regardless of the sector. Insignificant alphas 

across all the models confirm the third hypothesis (H3) that passive management does not 

outperform a benchmark of the alternative investment opportunity set of the same 
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riskiness, constructed using Carhart’s (1997) four-factor specification. At the same time, 

passive managers do not fall short of a four-factor benchmark either. 

Table 1.6 Univariate GARCH (1, 1) Four- Factor Model of Excess Gross Returns of 
Portfolios of PREMFs and REIT Index 
 
The table reports the results of the time-series regressions based on the four-factor 
GARCH (1, 1) model. The dependent variables in columns 1, 2, and 3 are excess daily 
returns (over 30-day T-bills) of PREMFs. PREMFs are passively managed and they 
utilize indexes as the primary filter for the purchase and sale of securities. The dependent 
variable in column 4 is excess daily net returns (over 30-day T-bills) of REIT Index. Risk 
Free variable is Treasury bill rates from Ibbotson Associates database. MRP is the daily 
excess return on market portfolio. HML is the daily return on the high-minus-low book-
to-market portfolio. SMB is the daily return on the small-minus-big portfolio. MOM is 
the daily return on the up-minus-down momentum portfolio. The data on All REITs come 
from the CRSP Ziman REIT Database covering the period from September 2, 1998 to 
December 31, 2013. Daily risk factors have been downloaded from Ken French’s 
website. The sum of the ARCH and GARCH parameters (π + γ) provides a measure of 
the persistence of shocks to the mean return of each portfolio. Estimations are conducted 
using STATA arch command that fits ARCH models by using conditional maximum 
likelihood. Number of observations is 3858. The numbers in parentheses are t-statistics. 
*, ** and *** indicate statistical significance at the 10%, 5% and 1% level, respectively. 
 
  All PREMFs Large 

PREMFs 
Small 
PREMFs 

All REITs 

  (1) (2) (3) (4) 
      
PANEL A – RETURN MODEL  
      
MRP 	𝛽( 0.672*** 0.667*** 0.675*** 0.685*** 
  (67.63) (66.38) (68.93) (71.97) 
HML 𝛽+ 0.723*** 0.718*** 0.709*** 0.701*** 
  (38.12) (37.42) (39.34) (38.33) 
SMB 𝛽. 0.413*** 0.413*** 0.397*** 0.429*** 
  (21.43) (21.30) (21.34) (23.31) 
MOM 𝛽1 -0.0640*** -0.0633*** -0.0566*** -0.058*** 
  (-4.731) (-4.644) (-4.446) (-4.625) 
CONSTANT 𝛼% 0.000136 0.000132 0.000154 0.0001 
  (1.311) (1.272) (1.515) (1.496) 
      
PANEL B – VOLATILITY EQUATION  
      
ARCH 𝛾 0.0939*** 0.0950*** 0.0949*** 0.097*** 
  (14.85) (14.98) (14.34) (15.80) 
GARCH π 0.888*** 0.888*** 0.885*** 0.887*** 
  (123.0) (122.4) (119.6) (129.7) 
Constant 	𝜔 1.52e-06*** 1.52e-06*** 1.53e-06*** 1.31e-06*** 
  (8.169) (8.170) (8.179) (8.249) 
ARCH+GARCH 𝛾 + π 0.9819 0.9783 0.9799 0.984 
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Because REMFs hold REITs as part of their AUM, we test whether the REIT 

portfolio outperforms the market, approximated by Carhart’s (1997) four-factor portfolio. 

We use univariate four-factor GARCH (1, 1) models to make consistent inferences about 

the outperformance of the market by REITs and REMFs. 

Column 4 of Table 1.6 shows that REIT alpha is insignificant. In other words, the 

benchmark real estate index does not outperform the market. This finding confirms that 

real estate, as an asset class, does not generate abnormal returns in relation to the overall 

market portfolio approximated by a four-factor model. To summarize, neither REITs nor 

PREMFs generate abnormal alphas while AREMFs do outperform the market (based on 

gross returns). 

To see whether our results remain intact in the ordinary least squares (OLS) 

estimation, we re-estimate the four-factor model for AREMFs using the OLS. Appendix 

C reports the results of the OLS regressions based on the four-factor models for all, large, 

and small AREMFs. By not specifying the volatility equation, we find that alphas do not 

exhibit statistical significance, contradicting our findings based on the GARCH 

specification. This finding might explain why previous papers using the OLS find no 

significance for alpha (Lin and Yung, 2004). Our findings based on the broader GARCH 

specification casts a shadow of doubt on the findings of the latter models. 

 

1.4.5 Empirical Results for Long-Run Buy and Hold Abnormal Returns (BHAR) 

In addition to evaluating REMF managers using a four-factor model, we also 

compare their performance against a real estate index benchmark. We benchmark 
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AREMF returns against the investment opportunity set faced by a passive investor and 

calculate the long-run abnormal returns on the portfolios. 

We follow Barber and Lyon (1997) in calculating abnormal returns on the AREMF 

portfolio as the buy-and-hold return on REMF portfolios minus the buy-and-hold return 

on a reference portfolio. We refer to this buy-and-hold abnormal return as BHAR. For a 

reference portfolio we use the return of the Ziman Equity REIT Index, which aggregates 

all equity REITs. The CRSP Ziman REIT database provides the most comprehensive 

academic quality real estate records and allows for accurate benchmarking.14 

Our empirical results on the buy-and-hold abnormal returns (BAHR) described above 

confirm Hypothesis (H1) stating that before expenses, AREMFs outperform the 

benchmark, represented by the Ziman Equity REIT index. Panel A of Table 1.7 shows 

that before expenses are taken into account (gross returns), AREMFs outperform the 

REIT Index benchmark by 67 percentage points over the sample period.15 In other words, 

if instead of investing in the Ziman Equity REIT Index, an investor had chosen to invest 

in AREMFs one million dollars in September 1998, the portfolio would have generated 

670,000 dollars of added value in December 2013. The overall outperformance translates 

into 3.62 percent of the yearly buy-and-hold abnormal return.16 

  

                                                
14  The CRSP Ziman REIT Data Series represents a collaborative effort between the 
UCLA Ziman Center for Real Estate and The Center for Research in Security Prices at 
the University of Chicago. It includes all REITs that have traded on the NYSE, Amex, 
and NASDAQ exchanges since 1980. 
15 Calculated as the difference between AREMF portfolio cumulative performance of 535 
percent and Ziman Equity REIT Index cumulative performance of 468 percent over the 
sample period. 
16 Assuming yearly compounding, (1+0.0362)^14.4=0.67 where 14.4 is the number of 
years based on the sample period. 
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Table 1.7 Buy-and-hold Abnormal REMF Returns 
 
The table reports the results of the buy-and-hold abnormal REMF returns based on the 
formula BHARuv = 1 + Ru" − 1 + INDEXR"v

"|(
v
"|(  where R represents the daily 

gross or net REMF returns and INDEXR represents REIT benchmark daily returns. The 
data on REIT benchmark come from the CRSP Ziman REIT Database. The “INDEXR” 
variable is daily returns on a value-weighted Equity REIT Index. The data on REMFs 
come from CRSP Survivor-Bias-Free Mutual Fund Database. The “All AREMFs” and 
“All PREMFs” variables are the returns for all actively and passively managed REMFs 
respectively. The “Large AREMFs” variable is the returns for AREMFs with AUM over 
148 MM. The “Small AREMFs” variable is the returns for AREMFs with AUM less than 
148 MM. Net returns are returns net of all fees and transaction costs associated with 
managing REMFs. Gross REMF returns include all the fees and transaction costs. The 
sample ranges from September 2, 1998 to December 31, 2013. Number of observations is 
3858. 
 
  BHAR 
   
Panel A: Gross Returns   
   
All AREMFs  0.6739 
Large AREMFs  0.6760 
Small AREMFs  0.5888 
PREMFs  0.0723 
   
Panel B: Net Returns   
   
All AREMFs  -0.0401 
Large AREMFs  0.0194 
Small AREMFs  -0.2898 
PREMFs  -0.1231 
   
 

Our findings remain robust across large and small AREMFs and confirm the results 

from risk factor models presented earlier. Surprisingly, active management did not 

outperform the real estate benchmark during the financial crisis of 2007-2009. Figure 1.3 

shows that the buy-and-hold abnormal return (BHAR) was falling during the financial 

crisis, indicating the loss of some of the accumulated long-term abnormal returns. This 

result provides an edge for investing in the real estate index during crisis period because 

it avoids such a loss. 
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Figure 1.3 Buy-and-hold Abnormal Returns of AREMFs 
 
The figure shows buy-and-hold abnormal returns of AREMFs and is covering period 
from September 2, 1998 to December 31, 2013. Calculation is based on the formula 
BHARuv = 1 + Ru" − 1 + INDEXRu"v

"|(
v
"|(  where R represents the daily gross 

REMF returns and INDEXR represents Ziman Equity REIT benchmark daily returns. 
Source: REMF data from the CRSP survivor-bias-free database. 
 

Using the Ziman Equity REIT Index as a benchmark, we also confirm Hypothesis 

(H2) stating that after expenses, AREMFs do not outperform the real estate benchmark 

index. Panel B of Table 1.7 shows that after expenses are taken into account (net returns), 

AREMFs generate negative 4 percentage points of BHAR over a 14-year sample period. 

Absence of AREMF economically significant outperformance (after expenses are taken 

into account) supports our contention that AREMFs are not leaving money on the table 

for investors (they are generating negative BHAR). On the other hand, small AREMFs 

are losing a considerable amount of money; they generate a negative 29 percent of 

abnormal returns during the sample period, most likely due to high expenses associated 

with the lack of economies of scale. 
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The negative 12 percent generated by PREMFs (BHAR net returns) confirms 

Hypothesis (H3) stating PREMFs do not outperform the real estate benchmark index. At 

the same time, PREMFs generate 7 percent in the buy-and-hold abnormal returns (gross 

returns), which translates into 0.5 percent of yearly outperformance, contradicting our 

previous result based on risk factors. 

 

1.5 Conclusion 

Scholars who find superior performance for a subset of MFs (e.g. Grinblatt and 

Titman, 1989) argue that only portfolio managers who actively buy and sell securities in 

response to superior information can generate positive abnormal performance. To 

examine a subset of MFs that has been mostly overlooked, we focus on the real estate 

sector, where the informational advantage of active managers is significant (Damodaran 

and Liu, 1993). The active managers operating in this sector help remove the purported 

inefficiencies arising from illiquidity, lack of transparency in the transactions, and 

heterogeneity of real estate. 

We find that when management costs are not accounted for, managers of AREMFs 

generate significant alphas, indicating the presence of abnormal returns compared to the 

relevant benchmarks. Using the U.S. mutual fund daily returns data from 1998 to 2013, 

we show statistically and economically significant risk-adjusted alphas, ranging in 

magnitude from 1.8 to 4.6 percent annualized return, depending on the model specified. 

Results are robust across large and small AREMF portfolios and across univariate and 

bivariate GARCH specifications of the return-generating models. We also show that, 

when considering gross returns, from September 1998 to December 2013 AREMFs 
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outperformed the Ziman Equity REIT Index benchmark and generated 3.64 percent of the 

yearly buy-and-hold abnormal return. Active management, therefore, provides value in 

addition to the diversification benefits generated by investing into the real estate index. 

We find that the average abnormal net returns to investors of AREMFs are close to 

zero. The findings that net returns of portfolios do not generate positive alphas are 

consistent with the predictions of Berk and Green (2004). While AREMFs generate 

abnormal gross returns, they incur costs associated with managing their portfolios. All 

costs related to AREMFs are borne by investors, resulting in a zero net abnormal returns. 

Our findings show that active managers capture all economic rents themselves and do not 

share any portion of abnormal alphas with investors. At the same time, our results imply 

that managers of AREMFs do not destroy value for investors either, after expenses are 

taken into account (with the exception of buy-and-hold abnormal returns for small 

AREMFs). This contradicts the findings for actively managed equity MFs in the U.S. 

(Fama and French, 2010). 

We find that PREMFs do not outperform the benchmarks. This outcome confirms the 

idea that it is the active REMF managers who potentially generate abnormal positive 

returns, as opposed to the managers of the underlying real estate assets. The fact that 

PREMFs do not generate significant negative alphas for investors (simultaneously 

providing liquidity and diversification) may offer an explanation why PREMFs have 

recently experienced growth. PREMFs also generated positive BHAR during the 

financial crisis of 2007-2009. 

Another contribution of this paper lies in adopting the GARCH volatility modeling 

(Bollerslev, 1986) for REMFs. This family of models, the validity of which is supported 
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by our data, helps to improve the precision of the estimates of alphas. We also apply 

bivariate GARCH modeling that accounts for the high level of correlation between 

residuals of returns of AREMFs and PREMFs on the one hand and their REIT 

benchmarks on the other hand. Furthermore, this empirical framework can be beneficial 

to investors and regulators because it offers the possibility of creating dynamic forecasts 

of the conditional variances of REMF returns. The bivariate GARCH specification also 

offers to investors the advantages of testing for the spillover effects across various types 

of portfolios. We leave these issues for future research. 
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CHAPTER 2 

MANAGED VOLATILITY MUTUAL FUNDS AND BUSINESS CYCLES 
 
 

2.1 Introduction 

This paper focuses on managed volatility mutual funds (MVMFs) that differ from 

conventional mutual funds (MFs) in their investment mandate on protecting the investor 

against recessions.  MVMF prospectuses specifically indicate that their main objectives 

include, but are not limited to, “outperforming the general securities market during 

periods of flat or negative market performance,” “hedging the value of portfolio’s 

investments,” and “protecting against market declines.” 17  Yet, these funds can 

underperform (sometimes extremely poorly) when the overall market is rising, deviating 

from fixed benchmarks. For example, the Powershares S&P 500 Low Volatility Mutual 

Fund rose by only 19.5% in 2009, compared to a 26.5% gain of its benchmark, the S&P 

500 Index. MVMFs may therefore be attractive to investors who are willing to forego 

returns in rising markets to gain higher returns in falling markets. 

While returns in general, and MF returns in particular, are difficult to predict 

(Jensen, 1968), volatility is often considered to be predictable because of its 

persistence characteristic. For instance, the evidence from time series data on stock 

returns demonstrates that, in general, low (high) volatility is followed by low (high) 

volatility leading to a partially predictable volatility pattern (Bollerslev, Chou, and 

Kroner, 1992). Volatility timing, defined as the ability of MF managers to respond to 
                                                
17 The 2016 prospectus of AllianzGI U.S. Managed Volatility Fund states that its focus 
on investing in companies from the Russell 1000 Index with high market capitalization 
and low betas may result in the fund “outperforming the general securities market during 
periods of flat or negative market performance and underperforming the general 
securities market during periods of strong positive market performance” (p. 62). 
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changing market volatility, is an important factor in the returns of MFs and can lead to 

higher risk-adjusted returns (Busse, 1999). Yet, most MFs avoid taking advantage of 

volatility timing because of fixed-benchmark investment mandates (typically 

capitalization weighted) which, by their nature, discourage investment in low-

volatility stocks or using leverage (Baker, Bradley, and Wurgler, 2011). 

While MFs are restricted in the ability to leverage because they are subject to rigorous 

regulatory oversight by the U.S. Securities and Exchange Commission (SEC), MF 

managers do have the necessary instruments to alter the return volatility of their 

respective investments through several channels such as hedging with derivatives, 

allocating capital to cash equivalents, and rebalancing the portfolio to modify its inherent 

risk level. As stated by the SEC, a fund may use derivatives to gain, maintain, or reduce 

exposure to a market, a given sector, or a specific security.18 By utilizing these strategies, 

MVMFs can increase, maintain, or decrease the volatility and return characteristics of 

their portfolios as compared to the benchmark index.19 

Unlike previous studies that constructed subjectively chosen volatility portfolios for 

various asset classes (Ang, Hodrick, Xing, and Zhang, 2006; Frazzini and Pedersen, 

2014) and MFs (Jordan and Riley, 2015), we examine the actual MFs whose objective is 

to manage volatility. To investigate the performance of MVMFs during recessions and 

expansions we use the data from the Center for Research in Security Prices (CRSP) 

survivorship-bias-free mutual funds database covering the period from January 2006 to 
                                                
18 http://www.sec.gov/rules/concept/2011/ic-29776.pdf 
19 For example, the ATM mid cap managed volatility fund states in their prospectus that 
it may reduce equity exposure in the Portfolio using a variety of strategies, including 
using leverage, shorting or selling its long futures positions on an index, entering into 
short futures positions on an index, increasing cash levels, or a combination of some or 
all of these strategies. 
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September 2015. 

This study compares the performance of MVMFs to a matched sample of non-

MVMFs (i.e., conventional MFs). Using a sample of MVMFs and matching conventional 

funds, we compute return alphas (abnormal returns in relation to benchmarks) in 

recessions and expansions. We evaluate managers by comparing their performance 

against the alternative investment opportunity. We follow Berk and Van Binsbergen 

(2015) and select Vanguard Index MFs as the benchmarks. Vanguard is a market leader 

in the index fund space and its index MFs efficiently track passive indices (such as S&P 

500). By using Vanguard MFs we are guaranteed that the alternative opportunity set was 

marketed and available to the investors. 

In market recessions, we demonstrate MVMFs produce abnormal returns from 3% to 

5% annually compared to conventional funds, depending on the model used. To select a 

sample of conventional MFs, we create a propensity score-matched sample. Because the 

distributions of propensity scores for a matched sample of conventional MFs and 

MVMFs are comparable, our results are reliable. They are also superior to results based 

on a raw sample of all MFs as a matched sample. For a matched sample we show MVMF 

net alpha and gross alpha in the baseline model are 4.02% and 4.38% respectively. 

These results confirm our hypothesis that MVMFs outperform conventional MFs 

during recessions. However, in expansions, MVMFs underperform conventional MFs by 

2.55% and 2.42% annually of net and gross alpha respectively. These results suggest that 

MVMFs can benefit investors during market recessions at a cost of performing worse 

during expansions. 

MVMFs underperform compared to conventional MFs during the entire sample 
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period. Annual abnormal returns range from -2.37% to -2.49% for net and gross alphas, 

respectively. Investors who are not interested in superior abnormal returns during 

recessions should not invest with MVMFs because they will, on average, underperform 

conventional MFs. Ex ante, the timing of recessions and expansions is not known and 

MVMF investors should, on average, expect negative abnormal returns. 

It can be argued that MVMFs and conventional funds may differ due to specific MF 

characteristics beyond the managed volatility attribute. For instance, large reputable 

funds may be more resistant to panics that increase outflows and decrease returns. Funds 

holding more cash or other highly liquid instruments may automatically have lower 

exposure to volatility. Therefore, fund level (e.g., cash ratio, fund turnover ratio, expense 

ratio etc.) characteristics were used as control variables to bolster empirical results. 

Further analysis shows that MVMFs as compared to conventional funds, on average, 

outperform benchmarks by having higher fund turnover. 

The paper is organized as follows. “Literature Review and Hypotheses Development” 

presents an overview of the relevant literature and develops the hypotheses. 

“Methodology and Data” describes methodology and data used in the analysis. 

“Empirical Results” discusses the empirical findings. The final section concludes. 

 

2.2 Literature Review and Hypotheses Development 

There is considerable evidence that investment managers use volatility timing in the 

sense that they closely monitor market volatility and respond to volatility information to 

provide investors with a valuable volatility hedge. They usually forecast a variance-

covariance matrix of returns for the assets in the portfolio and re-balance the assets on a 
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regular basis (Fleming, Kirby, and Ostdiek, 2001; Clements and Silvennoinen, 2013). 

Aragon and Martin (2012) show that hedge funds can benefit from volatility timing 

strategies. Busse (1999) shows that volatility timing is an important factor in the returns 

of MFs and leads to higher risk-adjusted returns. Papageorgiou, Reeves, and Sherris 

(2015) show that by constructing targeted constant volatility portfolios it is possible to 

deliver outperformance relative to benchmarks with minimal transaction costs. 

By timing the return volatility of the portfolio returns and hedging the exposure to 

risky assets, investment managers can decrease the impact of recessions on the value of a 

portfolio. As Koski and Pontiff (1999) point out, derivatives provide a low cost way for 

MF managers to decrease risk. Another way to reduce exposure to risk, besides 

derivatives, is to regularly rebalance the portfolio by converting stocks with volatile 

returns into cash or highly liquid assets with low exposure to volatility. Using data on MF 

holdings and actual trades, Huang (2015) finds that, indeed, MF managers hold more 

cash and tilt their holdings more heavily toward liquid stocks during periods when market 

volatility is expected to be high. Such a strategy effectively decreases the volatility of the 

portfolio at the expense of returns. 

Alternatively, MF managers can increase the return volatility of the constructed 

portfolios which may lead to high exposure in the market. MFs regularly use derivatives 

magnifying a gain or loss from an investment in the same way that incurring indebtedness 

does. For instance, if an MF purchases call options and the stock price subsequently 

increases above the strike price, options convey the right to a gain on an amount that 

exceeds the fund’s investment, but do not impose an obligation above initial MF 

investment. According to the SEC, “a fund may use derivatives to gain, maintain, or 



46 
 

reduce exposure to a market, a sector, or a security more quickly and/or with lower 

transaction costs and less portfolio disruption, than investing directly through the 

securities markets”.20 

For actively managed MFs, another common practice is taking on substantial 

“economic leverage” by borrowing which leads to increased market risk. According to 

Section 18(f) of the Investment Company Act of 1940, MFs are permitted to borrow from 

any bank if they maintain an asset coverage ratio of at least 300% for all senior 

securities.21 While the degree of leverage for MFs is substantially lower than the level 

allowed for banks, MFs expose retail investors to great risks because the FDIC does not 

insure them (unlike banks).22 

Investing in low-beta stocks is another channel through which MF managers can 

generate abnormal returns in recessions. Frazzini and Pedersen (2014) show empirically 

that by holding portfolios with low-beta securities, investors can generate higher alphas 

than by holding portfolios with high-beta securities. Unlike conventional MFs, MVMFs 

are not restricted by their mandate from investing into low-beta stocks. Similarly, if 

portfolio managers possess better investment skills than an individual investor, MF 

managers are able to benefit from low-beta investments. It has been reported that investor 

intelligence scores are positively correlated with holding low-beta portfolios (Grinblatt, 

Keloharju, and Linnainmaa, 2011). 

Although previous literature mostly discusses MF performance regardless of market 

                                                
20 http://www.sec.gov/rules/concept/2011/ic-29776.pdf 
21 Under Section 18(g) of the 1940 Act, the term “senior security” includes any bond, 
debenture, note, or similar obligation or instrument constituting a security and an 
evidence of indebtedness. Asset coverage equals Assets/Senior Securities. 
22 http://www.sec.gov/investor/pubs/inwsmf.htm  
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cycles, some recent studies analyze various MF categories and test their performance in 

various market conditions. For example, Nofsinger and Varma (2014) analyze socially 

responsible (SRI) MFs and reach the conclusion that they outperform conventional MFs 

during recessions. They conclude that it is the SRI attributes and not the characteristics of 

MF portfolios that explain the observed patterns. 

A question arises: Why will investors value abnormal returns in recessions more than 

in expansions? According to Kahneman’s and Tversky’s (1979) Prospect Theory, 

investors are more impacted by negative returns than by positive returns of the same 

magnitude. MFs can increase utility if they have systematically better performance in 

falling markets than in rising markets as Glode (2011) shows. Investing in MFs can, 

therefore, be rationalized despite the measurement of negative unconditional 

performance. 

However, ex-ante, it is not clear whether MVMFs add value as compared to 

conventional funds in recessions. On the one hand, their mandate is to protect the 

investors against the downside. On the other hand, negative performance affects 

fund cash flows (Gruber, 1996) and fund managers have incentives to trade 

excessively because negative performance has implications for both manager 

compensation and investor payouts. Brown, Harlow, and Starks (1996) show that the 

compensation linked to relative performance and presence of a large number of MFs in 

the market place gives rise to tournaments, in effect pushing underperforming funds 

toward a higher level of risk exposure.23  To hedge against losses and increase their 

                                                
23 Tournament is a situation when economic agents are rewarded based on their relative 
performance rather than pure output level. Lazear and Rosen (1981) and Nalebuff and 
Stiglitz (1983) provide the theoretical foundations for tournaments in reward structures. 
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compensation during recessions, MVMF managers would have to use costly derivatives 

and leverage, which could result in underperforming benchmarks. 

Several hypotheses are developed based on the discussion above: 

H1: MVMFs underperform conventional MFs 

H2: MVMFs underperform conventional MFs in expansions 

H3: MVMFs outperform conventional MFs in recessions 

 

2.3 Methodology and Data 

2.3.1 Methodology	

We follow Berk and Van Binsbergen (2015) and denote 𝑅�5�   the return in excess 

of the risk free rate earned by investors in the ith MF at time t. The return is composed of 

the excess return of the investor’s next best alternative investment opportunity, 𝑅�5� , 

which we call MF benchmark, and a deviation from the benchmark 𝜀�5: 

𝑅�5� = 𝑅�5� + 𝜀�5.       (1) 

The unconditional mean of 𝜀�5  or the net alpha, denoted by 𝑎�� , is the most 

common measure of net abnormal return earned by investors that is used in the literature. 

If the benchmark return is observed, the net alpha can be consistently estimated by the 

following formula: 

𝑎�� =
(
��

𝜀�5
��
5|( ,       (2) 

where 𝑇� is the number of periods that fund i appears in the database. 

                                                                                                                                            
The central implication that emerges in the Brown et al. (1996) analysis is that the set of 
MFs most likely to be "losers" in the final tournament results will see their risk levels 
increase relative to the group of probable "winners." 
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We calculate gross alpha, 𝑎�
� as the unconditional mean of the benchmark 

adjusted return earned by MF i before management expenses are deducted. Let 𝑅�5
�  denote 

the gross abnormal return that is earned by investors in the ith MF at time t, before taking 

out the percentage fee 𝑓�,58( (charged from t-1 to t): 

𝑅�5
� = 𝑅�5� + 𝑓�,58( = 𝑅�5� + 𝜀�5 + 𝑓�,58(.     (3) 

 The gross alpha can be consistently estimated by the following formula: 

𝑎�
� = (

��
(𝑅�5

� − 𝑅�5�)
��
5|( = (

��
(𝑓�,58( + 𝜀�5)

��
5|( .   (4) 

We evaluate MFs by comparing their performance with an alternative investment 

opportunity set (passively managed index funds). By choosing Vanguard index MFs we 

follow Berk and Van Binsbergen (2015). The choice of Vanguard index MFs as a 

benchmark guarantees that the alternative investment opportunity set was marketed and 

tradable during the sample period which eliminates hindsight bias in the selection of 

performance benchmarks. Lastly, the selection of Vanguard index MFs as benchmark 

mitigates the concerns that other index MFs offer diversification and other services at a 

lower cost. Berk and Van Binsbergen (2015) analyze the performance of all 644 index 

MFs and find that they underperformed compared to Vanguard index MFs. The list of 

benchmark Vanguard index MFs is given in Table 2.1. 

All MFs (including Vanguard index MFs) are assigned a Lipper class in the 

Center for Research in Security Prices (CRSP) survivorship bias-free MF database. We 

therefore match Vanguard funds and MFs by the Lipper class. For those MFs which do 

not have a clear benchmark (e.g., flexible portfolio MFs), we match such MFs with the 

Vanguard Large Cap Index Fund. This fund tracks the performance of the CRSP US 
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Large Cap Index, a broadly diversified index of large U.S. companies representing 

approximately the top 85% of U.S. market capitalization and it can be used as an 

approximation of the market. 

Table 2.1 Benchmark Vanguard Index Funds 
 
The table shows the set of Vanguard index funds used to calculate the passive 
benchmark. The listed tickers, asset classes, and inception dates are obtained from 
Vanguard website. 
 
Fund name Ticker Asset Class Inception Date 

 (1) (2) (3) 
 
Vanguard Large Cap Index Fund 
Admiral VLCAX Large-Cap Blend 01/27/2004 
Value Index Fund Admiral VVIAX Large-Cap Value 11/13/2000 
Growth Index Fund Admiral VIGAX Large-Cap Growth 11/13/2000 
Extended Market Index Fund 
Admiral VEXAX Mid-Cap Blend 11/13/2000 
Small-Cap Growth Index VISGX Small-Cap Growth 12/11/1967 
REIT Index Fund Admiral VGSLX Stock-Sector 11/12/2001 

    
 

 To investigate whether the differences in performance between conventional MFs 

and MVMFs can be attributed to recession and different investing characteristics, we use 

a multivariate regression model. In selecting fund level independent variables, we follow 

Kacperczyk et al. (2014). We analyze a panel data of MF-specific variables at a monthly 

frequency using the following baseline model: 

𝑅�5� − 𝑅�5� = 𝛽% +	𝛽(𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛5 +	𝛽+𝑀𝑉𝑀𝐹�5 +	𝛽.𝑀𝑉𝑀𝐹�5𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛5 +

𝛽1𝑀𝑉𝑀𝐹�5𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟�5 +	𝛽�𝑀𝑉𝑀𝐹�5𝐶𝑎𝑠ℎ�5 +		 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠��5 
�|( + 𝜀�5,  (5) 

where 𝑅�5� − 𝑅�5�  is the net abnormal return (net alpha) defined as the difference 

between the net return of MF i at month t and return of the Vanguard index MF 

benchmark. 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛5 is a dummy variable that takes the value 1 if time t is defined as 
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a recession and 0 otherwise. 𝑀𝑉𝑀𝐹�5 is a dummy variable that takes the value 1 if MF i 

at month t is defined as an MVMF and 0 otherwise. 𝑀𝑉𝑀𝐹�5𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛5 is an interaction 

term between the dummy variables defined above. 

𝑀𝑉𝑀𝐹�5𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟�5 is an interaction term between the MVMF dummy variable 

and 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟�5. 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟�5 is the turnover ratio defined as the minimum of aggregate 

purchases and sales during the quarter divided by the average of the beginning- and end-

of-quarter total portfolio value. 𝑀𝑉𝑀𝐹�5	𝐶𝑎𝑠ℎ�5  is an interaction term between the 

MVMF dummy variable and 𝐶𝑎𝑠ℎ�5. 𝐶𝑎𝑠ℎ�5 is a cash position expressed as a percentage 

of Total Net Assets (TNA). Controls include the following k variables: Logarithm of 

TNA (Log_TNA), Natural Logarithm of MF Age (Log_Age), MF Expense Ratio 

(Exp_Ratio), Management Fee (Mgmt_Fee), and Actual 12b1 Fee (12b1_Fee). Variables 

are defined in Appendix E. 

𝑅�5� + 𝑓�,58( − 𝑅�5� = 𝛽% +	𝛽(𝐶𝑟𝑖𝑠𝑖𝑠5 +	𝛽+𝑀𝑉𝑀𝐹�5 +	𝛽.𝑀𝑉𝑀𝐹�5𝐶𝑟𝑖𝑠𝑖𝑠5 +

𝛽1𝑀𝑉𝑀𝐹�5𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟�5 +	𝛽�𝑀𝑉𝑀𝐹�5𝐶𝑎𝑠ℎ�5 +			 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠��5 
�|( + 𝜀�5, (6) 

where	𝑅�5� + 𝑓�,58( − 𝑅�5�  is the gross abnormal return (gross alpha) defined as the 

difference between the gross return of MF i at month t and return of the Vanguard index 

MF benchmark. The independent variables have been defined in the previous model. 

 

2.3.2 Managed Volatility Mutual Funds 

By searching the CRSP Mutual Fund database for fund names we follow Agarwal, 

Boyson, and Naik (2009). In an effort to identify MVMFs, we limit the names of MFs to 

include the following terms: “volatility”, “hedge”, “risk”, “market neutral”, “diversified”, 

and “conservative”.  The names properly reflect the styles of their investments based on 
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the rule 35d-1 under the Investment Company Act of 1940 that requires MFs not to 

mislead investors. We believe that our search has a strong chance in identifying funds 

that aim to outperform the benchmarks during recessions. Figure 2.1 shows the number 

of MVMFs has steadily increased from 120 in January 2006 to 661 in September 2015. 

 
 
Figure 2.1 Number of MVMFs, 2006–2015 
 
This figure presents the evolution in the number of MVMFs from 2006 to 2015. It is 
based on the data from the CRSP survivor-bias-free database. 
 

MFs that have “volatility” in their names aim to manage volatility with the objective 

of outperforming their respective benchmarks during market downturns. For example, the 

prospectus of “AllianzGI U.S. Managed Volatility Fund” (2016) states that its focus on 

investing in companies from the Russell 1000 Index with high market capitalization and 

low betas may result in the fund “outperforming the general securities market during 

periods of flat or negative market performance and underperforming the securities market 
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during periods of strong positive market performance” (p. 62). Additionally, some 

“volatility” funds aim to maintain a pre-defined lower exposure to the market in an effort 

to lower losses during recessions. For example, the prospectus of “Nuveen Symphony 

Low Volatility Equity Fund” (2016) indicates that it “targets a beta that is approximately 

90% of the beta of the Fund’s benchmark index,” defined as the Russel 1000 Index (p. 

11). 

Prospectuses of “hedge” MFs reveal that such funds seek to reduce the exposure to 

market risk and volatility while maintaining appreciation of the assets under management 

(AUM). For example, “Schwab Hedged Equity Fund” prospectus (2016) states that its 

investment objective is to “seek long-term capital appreciation over market cycles with 

lower volatility than the broad equity market” (p. 1) and that a “portfolio manager seeks 

to keep the fund’s volatility lower than that of the S&P 500 Index (p. 1).” Another 

“hedge” MF, “Catalyst/Lyons Hedged Premium Return Fund” prospectus (2015), 

indicates that its investment objective is to “achieve long term capital appreciation and 

income with less downside volatility than the equity market” (p. 2). 

Similarly, prospectuses of “risk” MFs reveal that such funds seek abnormal return 

while maintaining target level of volatility by reducing the exposure to the market in 

times of high volatility. “Swan Defined Risk Fund” prospectus (2012) seeks to “match or 

exceed the long-term performance of the stock market over an entire investment cycle 

(peak to trough) without the traditional losses incurred during bear markets” (p. 2). 

“Nuveen Intelligent Risk Growth Allocation Fund” prospectus (2013) seeks to “keep 

daily volatility within a specified range by increasing its exposure to lower risk assets 

during periods of high volatility” (p. 4). 
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Through “market neutral” strategy, MFs seek capital appreciation independent of 

stock market direction by decreasing the volatility and market Beta of the portfolio. 

“DWS Disciplined Market Neutral Fund” prospectus (2008) states that it seeks “to limit 

its volatility relative to movements in the overall stock market (that is, the fund’s price 

movements are not expected to correlate closely with the market’s price movements)” (p. 

1). “The JPMorgan Diversified Real Return Fund” belongs to the category of 

“diversified” MFs. “JPMorgan Diversified Real Return Fund” prospectus (2012) seeks 

“to maximize long-term real return” and “have lower volatility than the S&P 500” (p. 1). 

“SAM Conservative Growth Portfolio: Advisors Signature Fund” is an example of a 

“conservative” MF. It states in the 2013 prospectus that it seeks “the broad diversification 

of the Portfolio, designed to cushion severe losses in any one investment sector and 

moderate overall price volatility” (p. 53). 

 

2.3.3 Sample Construction 
 

The sample used in this study draws from the Center for Research in Security Prices 

(CRSP) survivorship bias-free MF database first compiled in Carhart (1997). Using bias-

free data is critical because the differences in the risk and performance between surviving 

and non-surviving funds are well documented. For example, the returns of surviving 

funds are especially sensitive to market volatility while the returns of non-survivors are 

not (Busse, 1999). By design, the CRSP MF database only covers open-end MFs (also 

called investment companies). 

Following the literature, we include only domestic equity funds in our sample. Berk 

& Van Binsbergen (2012) show that funds that invest internationally add more value. 
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Theoretically, including such funds not only may unknowingly introduce selection bias 

into the results but also make it more difficult to specify a proper theoretical factor 

model. For example, the models we use here include a recession dummy that is 

impossible to define precisely for the world financial markets. In our sample, we include 

all domestic equity open-ended MFs identified by CRSP style objective codes. 

Because Exchange Traded Funds (ETFs) and Exchange Traded Notes (ETNs) are 

simply designed to track an underlying asset, we exclude these MFs from our analysis. 

We filter them out by eliminating MFs if the et_flag variable equals “N” or “F” in the 

CRSP mutual mund database. By deleting MFs with “N” and “F” et_flag we exclude 

ETNs and ETFs from our sample respectively. Likewise, we eliminate index-based MFs. 

By removing MFs if the index_fun_flag variable equals “B”, “D”, or “E” in the CRSP 

Mutual Fund database, we eliminate Index-based funds, Pure Index funds, and Enhanced 

Index funds, respectively. From the remaining sample, we identify MVMFs as shown 

below. 

We select September 30, 2015 as the end of the sample period due to data 

availability. We choose January 1, 2006 as the beginning of sample period due to the fact 

that all categories of MVMFs become represented in the sample only after 2005. For 

example, in our sample, the first MVMF with the word “volatility” in its name was 

offered after 2005. There were only 3 MVMFs with the word “hedge” in their name 

before 2006. Starting from January 2006 allows for extrapolation of our results to all 

categories of MVMFs.24 

To construct a dataset of MVMFs and conventional MFs, we perform matching based 
                                                
24 We do robustness checks by extending the sample back to January 2014 when all the 
benchmarks were available. The results remain valid and are available upon request. 
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on the propensity scores on the nearest neighbor without replacement. Propensity scores 

are calculated using a Logit model, where the dependent variable is the net abnormal 

return (net alpha).25 

The independent variables are the following: Logarithm of Total Assets Under 

Management (Log_TNA), Natural Logarithm of MF Age (Log_Age), MF Expense Ratio 

(Exp_Ratio), Management Fee (Mgmt_Fee), and Actual 12b1 Fee (12b1_Fee). The 

matched sample yields 26,976 fund-month observations. Table 2.2 shows summary 

statistics. 

Table 2.2 Summary Statistics 
 
This table reports the summary statistics for the sample of MVMFs and matched 
conventional MFs. The variables and units of measurement are defined in Appendix E. 
 
Variable N Mean St. Dev. Min Max 
 (1) (2) (3) (4) (5) 
      
Age 26976 7.40584 4.77889 0.21643 59.95343 
TNA 26976 198.25520 889.8103 0.10000 38121.0 
Net Return 26976 0.00320 0.04508 -0.37692 0.36364 
Gross Return 26976 0.00449 0.04508 -0.37633 0.36493 
Net Alpha 26976 -0.00273 0.02313 -0.23586 0.31482 
Gross Alpha 26976 -0.00144 0.02312 -0.23452 0.31663 
Cash 26976 0.05737 0.13106 -0.10660 0.94240 
Turnover 26976 0.99024 1.17657 0.01000 14.47000 
Mgmt_Fee 26976 0.66183 0.29259 0.00100 1.41800 
Exp_Ratio 26976 0.01554 0.00493 0.00110 0.04500 
12b1_Fee 26976 0.00562 0.00348 0.00000 0.01056 
      

 

Figure 2.2 presents a histogram of propensity scores for the unmatched raw sample 

(panel A) and a propensity score-matched sample (panel B). The distributions of 

propensity scores for a matched sample of MVMFs and conventional MFs are more  

                                                
25 Estimations were conducted using the psmatch2 module for STATA. Logit model is 
defined as Pr	[𝑦 = 1|	𝑋] = 	 ¦§M	(¨©)

(ª¦§M	(¨©)
. 
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Figure 2.2 Propensity Score Distribution of MVMFs and Conventional MFs 
 
The figure presents histograms of propensity scores for the unmatched raw sample (panel 
A) and a propensity score-matched sample (panel B) based on the nearest neighbor 
without replacement. Propensity scores are calculated using a logit model, where the 
dependent variable is the net abnormal return (Net Alpha). The independent variables are 
the following: Logarithm of Total Assets Under Management (Log_TNA); Natural 
Logarithm of MF Age (Log_Age); MF Expense Ratio (Exp_Ratio); Management Fee 
(Mgmt_Fee); and Actual 12b1 Fee (12b1_Fee). 
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comparable than for a raw sample. Since the matching is done without replacement, the 

number of fund-month observations is 13,488 for both MVMFs and conventional MFs. 

The number of MVMFs has increased from 120 at the beginning of sample period to 661 

at the end. 

Table 2.3 shows pairwise correlations. Due to the fact that the independent variables 

are either weakly correlated or not correlated, we do not have multicollinearity problem 

in a regression model. 

Table 2.3 Data Correlation Matrix 
 
This table reports pairwise correlations for the variables based on the sample of MVMFs 
and matched conventional funds and used in main regressions. The variables are defined 
in Appendix E. All values indicated with * are significant at 5% level. 
 
  1 2 3 4 5 6 7 8 9 10 11 
1 Log_Age 1.00           
2 Log_TNA 0.42* 1.00          
3 Net Return 0.04* 0.04* 1.00         

4 
Gross 
Return 0.04* 0.04* 0.99* 1.00        

5 Net Alpha 0.03* 0.04* 0.18* 0.18* 1.00       

6 
Gross 
Alpha 0.03* 0.03* 0.18* 0.18* 0.99* 1.00      

7 Cash -0.19* -0.08* -0.03* -0.03* -0.07* -0.06* 1.00     
8 Turn -0.13* -0.15* -0.02* -0.02* -0.02* -0.02* 0.22* 1.00    
9 Mgmt_Fee -0.03* -0.06* 0.00 0.00 -0.04* -0.03* 0.16* 0.29* 1.00   
10 Exp_Ratio -0.11* -0.32* -0.02* -0.01 -0.03* -0.02* 0.15* 0.26* 0.48* 1.00  
11 12b1_Fee 0.06* -0.19* -0.01 0.00 0.00 0.02* 0.01 -0.02* 0.00 0.72* 1 
 

2.3.4 Definitions of Recessions and Expansions 

We measure the start and end of the recession using the definition from the 

National Bureau of Economic Research (NBER) business cycle dating committee.26 The 

                                                
26 The NBER does not define a recession in terms of two consecutive quarters of decline 
in real GDP. Rather, a recession is a significant decline in economic activity spread 
across the economy, lasting more than a few months, and normally visible in real GDP, 
real income, employment, industrial production, and wholesale-retail sales. For more 
information, see the latest announcement from the NBER's Business Cycle Dating 
Committee, dated 9/20/10. http://www.nber.org/cycles.html 
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start of the recession is the peak of economic activity and its end is the trough. The 

recession spans 18 months from December 2007 until June 2009. Recession_t is a 

dummy variable equal to one if the economy in month t is in recession, as defined by the 

NBER, and zero otherwise. The sample spans 118 months from January 2006 until 

September 2015, among which 18 are NBER recession months (15%). 

To investigate whether our results hold for an alternative recession indicator, we 

use historical movements of the Chicago Fed National Activity Index (CFNAI) that 

closely track periods of economic expansions and recessions. This index is a weighted 

average of 85 monthly indicators of national economic activity.27 The CFNAI provides a 

single summary measure of a common factor in these national economic data. It is 

constructed to have an average value of zero and a standard deviation of one. The 

Chicago Fed is releasing this index monthly to provide an objective, real-time statistical 

measure of economic activity derived from a wide range of monthly indicators. 

 

2.4 Empirical Results 
 

2.4.1 MVMF Performance in Expansions and Recessions: Univariate Results 

The estimates of abnormal returns in the whole sample, in recessions and in 

expansions, are reported in Table 2.4. Panel A of this Table shows the estimates for the 

average returns and alphas (abnormal returns in relation to Vanguard Index benchmarks) 

for both MVMF and conventional MFs. 

 
                                                
27 The indicators are drawn from the following categories of data: 1) production and 
income (23 series); 2) employment, unemployment, and hours (24 series); 3) personal 
consumption and housing (15 series); and 4) sales, orders, and inventories (23 series). 
Evans, Liu, and Pham-Kanter (2002) formalized the threshold rules to identify recessions. 
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Table 2.4 Univariate Analysis of Performance of MVMFs and Conventional MFs 
 
This table presents univariate analysis of performance of Managed Volatility Mutual 
Fund (MVMF) versus matched-conventional MFs. The sample includes MVMFs and 
propensity score matched conventional MFs between January 2006 and September 2015. 
Recession measures the start and end of the recessions using the definition of the 
National Bureau of Economic Research (NBER) business cycle dating committee and 
spans 18 months from December 2007 until June 2009. The performance is measured in 
basis points using monthly time-series of the respective MF returns Net Return, Net 
Alpha, Gross Return, and Gross Alpha, as defined in Appendix E. Conventional MFs are 
non-MVMF US equity funds that are matched to MVMF US equity funds. Matching is 
performed based on calculated propensity scores. They are calculated using a logit model 
Pr	[𝑦 = 1|	𝑋] = 	 ¦§M	(¨©)

(ª¦§M	(¨©)
. The independent variables are the following: Logarithm of 

Total Assets Under Management (Log_TNA); Natural Logarithm of MF Age (Log_Age); 
MF Expense Ratio (Exp_Ratio); Management Fee (Mgmt_Fee); and Actual 12b1 Fee 
(12b1_Fee). * ** and *** indicate statistical significance at the 10%, 5%, and 1% levels, 
respectively. 
 
Estimate MVMFs Conventional MVMF – Conventional 
Panel A: Monthly returns and alphas for MVMF and conventional MFs 
Net Return 0.22***  0.42***  -0.19***  
 (6.61)  (9.63)  (3.5)  
Net Alpha -0.38***  -0.17***  -0.20***  
 (-17.66)  (-9.59)  (-7.24)  
Gross Return 0.35***  0.55***  -0.20***  
 (10.45)  (12.78)  (-3.6)  
Gross Alpha -0.25***  -0.04**  -0.21***  
 (-11.29)  (-2.15)  (-7.35)  
 
 MVMFs Conventional MVMF – Conventional 
 Expansion Recession Expansion Recession Expansion Recession 
Panel B: Monthly returns and alphas for MVMF and conventional MFs in Expansions and Recessions 
Net Return 0.57*** -1.84*** 0.94*** -2.33*** -0.37*** 0.50** 
 (19.6) (-11.97) (25.01) (-13.57) (-7.84) (2.16) 
Net Alpha -0.51*** 0.46*** -0.21*** 0.05 -0.30*** 0.41*** 
 (-24.41) (5.63) (-12.61) (0.79) (-11.09) (3.86) 
Gross Return 0.70*** -1.71*** 1.08*** -2.22*** -0.38*** 0.51** 
 (24.11) (-11.11) (27.70) (-12.85) (-8.06) (2.21) 
Gross Alpha -0.38*** 0.59*** -0.08*** 0.18*** -0.30*** 0.41*** 
 (-18.26) (7.19) (-4.69) (2.65) (-11.27) (3.90) 
       
       
       
 

MVMFs have an average monthly gross return of 0.35%, which is equivalent to a 

4.3% annualized return (with monthly compounding over 12 months). It is lower than the 
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respective figure of 6.8% annualized return similarly derived for conventional MFs. Yet, 

both net and gross alphas are negative for conventional MFs and MVMFs. These results 

confirm well-documented evidence that MFs underperform passive benchmarks (e.g., 

Fama & French, 2010; Gruber, 1996; Jensen, 1968). 

Panel A of Table 2.4 shows that MVMFs underperform conventional MFs in 

terms of both returns and abnormal returns. Monthly performance ranges from -0.19% for 

net returns to -0.20% for gross returns, which translates into an annualized performance 

of -2.25% and -2.37%, respectively. Monthly abnormal performance ranges from -0.20% 

for net alphas to -0.21% for gross alphas, which translates into annualized net and gross 

alphas of -2.37% and -2.49%, respectively. Underperformance could be explained by the 

fact that investors must incur the diversification cost if they constrain their opportunity 

set to MVMFs. These results confirm hypothesis H1 purporting that MVMFs 

underperform conventional MFs. 

At first, such results seem counterintuitive because they imply that by accepting 

negative abnormal returns MVMF investors are irrational. Subsequent demonstration of 

the asymmetric return performance of MVMFs in response to recession, reported in Panel 

B of Table 2.4, explains why investors are willing to accept negative unconditional 

MVMF performance. While MVMFs perform worse than conventional MFs during 

expansions, they generate abnormal returns during market recessions. Such asymmetry is 

valuable to those investors who are attracted by downside protection offered by MVMFs 

expansion. Due to the fact that it is impossible to determine the length of a business 

cycle, the exact cost of downside protection is not possible to determine ex ante. 
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Panel B of Table 2.4 shows that MVMFs underperform conventional MFs during 

expansions by -0.30% as measured by monthly alphas. Accordingly, an annualized 

abnormal return is -3.66% for both net and gross alphas. These results confirm hypothesis 

H2 predicting that MVMFs underperform conventional MFs during expansions. 

The last column of Panel B of Table 2.4 shows that MVMFs outperform 

conventional MFs during recessions by 0.41% as measured by monthly alpha. This 

outperformance translates into a 5% annual alpha and is the same for both net and gross 

measures. Monthly returns (net and gross of fees) are also higher for MVMFs during 

recessions. Specifically, MVMFs outperform conventional MFs by 0.50% based on net 

returns and by 0.51% based on gross returns. These numbers translate into 6.17% and 

6.30% of higher annual performance for net and gross returns, respectively. These results 

confirm hypothesis H3 purporting that MVMFs outperform conventional MFs during 

recessions. 

The two possible sources behind the difference in performance are managing cash 

ratio and turnover by MVMFs. MVMFs claim that one of the main ways of managing 

returns is by systematically increasing allocations to cash equivalents during periods 

of capital market declines28. 

Figure 2.3 presents the evolution in the mean Cash ratio of MVMFs and 

conventional MFs from 2006 to 2015. Cash ratio is higher in all the years for MVMFs 

than for conventional MFs. Cash level is also steady for conventional MFs which points 

                                                
28  E.g., Curian Dynamic Risk Advantage–Diversified MF claims that its investment 
objective is to control risk through systematically increasing allocations to cash 
equivalents during periods of capital market declines. More details can be found at 
http://www.sec.gov/Archives/edgar/data/1532747/000153274714000340/.  
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to the possibility of targeting a pre-defined level of cash ratio. Unlike conventional MFs, 

MVMFs change their cash ratio from one year to another implying cash management. 

 

 
 
Figure 2.3 Cash Ratio of MVMFs and Conventional MFs, 2006–2015 
 
This figure presents the evolution in the mean Cash ratio of MVMFs and conventional 
MFs from 2006 to 2015. Cash ratio is reported by MFs to CRSP relative to the size of an 
MF. Cash ratio is expressed as a percentage of total asset holdings. 
 

Figure 2.4 presents the evolution in the mean Turnover ratio of MVMFs and 

conventional MFs from 2006 to 2015. Turnover ratio is higher in all the years for 

MVMFs than for conventional MFs. On the one hand, turnover ratio is stable for 

conventional MFs which indicates the absence of reacting to changes in business cycles. 

On the other hand, MVMFs change their turnover ratio on a yearly basis implying a 
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higher sensitivity to changing market conditions. Because the difference in Cash ratio and 

turnover for MVMFs and conventional MFs can contribute to the asymmetric 

performance patterns in recessions and expansions, we investigate this issue in a 

multivariate regression analysis in a next section. 

 
 
Figure 2.4 Turnover ratio of MVMFs and Conventional MFs, 2006–2015 
 
This figure presents the evolution in the mean Turnover ratio of MVMFs and 
conventional MFs from 2006 to 2015. Turnover ratio is the minimum (of aggregated 
sales or aggregated purchases of securities), divided by the average 12-month MF TNA. 
 
 

2.4.2 MVMF Performance in Expansions and Recessions: Multivariate Results 

Multivariate regression estimates confirm the findings from univariate analysis. 

To answer the question whether in market recessions MVMF managers generate 

abnormal performance (gross alphas) compared to conventional MF managers (before 
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charging fees to the investors), we use model (5) described in methodology section. 

Results are presented in Table 2.5. 

Table 2.5 Gross MVMF Outperformance in NBER Recessions 
 
The table below presents the coefficient estimates for a panel data of monthly MF 
observations. The sample includes MVMFs and propensity score matched conventional 
MFs between January 2006 and September 2015. The dependent variable is gross 
abnormal return (gross alpha) calculated as the difference between gross MF returns and 
gross returns of Vanguard Index benchmark, as defined in Appendix E. MVMF is a 
dummy variable that takes the value of 1 if a fund is MVMF and 0 otherwise. Recession 
is a dummy variable that takes the value of 1 for a recession and 0 otherwise. Control 
variable are defined in formula (5). The numbers in parentheses are robust t-statistics. * 
** and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. 
 
 Dependent Variable: Gross Alpha 
 (1) (2) (3) (4) (5) 
      
Recession 0.00512*** 0.00510*** 0.00248*** 0.00251*** 0.00247*** 
 (8.206) (8.166) (3.409) (3.449) (3.421) 
MVMF  -0.000982*** -0.00188*** -0.00232*** -0.00204*** 
  (-3.426) (-5.673) (-4.806) (-4.140) 
MVMF*Recession    0.00572*** 0.00564*** 0.00562*** 
   (4.505) (4.501) (4.482) 
MVMF*Turnover    0.00048 0.00063 
    (1.163) (1.503) 
MVMF*Cash     -0.0103* 
     (-1.911) 
Cash -0.00926*** -0.00852*** -0.00816*** -0.00842*** 0.00029 
 (-4.953) (-4.579) (-4.446) (-4.568) (0.0562) 
Turnover 0.000113 0.000144 0.000123 -9.24e-05 -0.000167 
 (0.477) (0.598) (0.529) (-0.330) (-0.595) 
Log_TNA 0.00028*** 0.00027*** 0.00026*** 0.00025*** 0.00024*** 
 (4.034) (3.800) (3.680) (3.567) (3.421) 
Mgmt_Fee -0.00127 -0.00135 -0.00117 -0.00125 -0.00126 
 (-1.346) (-1.457) (-1.288) (-1.346) (-1.344) 
Exp_Ratio 0.0951 0.0853 0.0796 0.0753 0.0703 
 (1.231) (1.121) (1.060) (1.003) (0.934) 
12b1_Fee 0.0228 0.0307 0.0362 0.0405 0.0473 
 (0.254) (0.347) (0.414) (0.462) (0.539) 
Log_Age 0.000213 0.000263 0.000318 0.000336 0.000362 
 (0.933) (1.140) (1.372) (1.435) (1.543) 
Constant -0.00336*** -0.00285*** -0.00254*** -0.00228*** -0.00246*** 
 (-4.680) (-3.920) (-3.612) (-3.171) (-3.373) 
Observations 26,976 26,976 26,976 26,976 26,976 
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Columns 3, 4, and 5 of Table 2.5 show that MVMFs generate 4.71%, 4.06%, and 

4.38% of annualized gross alphas, respectively, confirming the view that MVMF 

managers outperform conventional MF managers during recession. On the other hand, we 

show in Columns 3, 4, and 5 that in expansions MVMFs generate -2.23%, -2.75%, and -

2.42% of annualized gross alphas, respectively. Clearly, MVMF managers underperform 

conventional MF managers during expansions. Due to the fact that recessions and 

expansions cover about 15% and 85% of sample period respectively, investors lose 

money with MVMFs compared to conventional MFs. The exact amounts of loses vary 

depending on the length of expansion and recession. 

The results for net alphas reveal whether MVMF benefit their clients in recessions 

and expansions. The economic magnitudes of net alphas are somewhat lower than for the 

results based on gross alphas, which is consistent with the notion that part of the 

abnormal performance goes towards fees for active management. 

The first regression of Table 2.6 shows that an average MF in our matched sample 

of both MVMFs and conventional MFs generates 0.52% monthly (equivalent to 6.4% 

annualized) net abnormal return in relation to Vanguard passive benchmark during a 

recession. This result confirms findings by Kacperczyk, Van Nieuwerburgh, and 

Veldkamp (2014) who show that some MF managers can extract abnormal return from 

the market during recessions. 

The second regression shows the impact of MVMFs on net abnormal 

performance, controlling for MF characteristics and recession. The MVMF coefficient of 

-0.09% (significant at the 1% level) is equivalent to -1.1% of an annualized net alpha. 

Column 5 of Table 2.6 shows the results for the most comprehensive baseline model 
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which includes all control variables. The MVMF coefficient of -0.22% (significant at 1% 

level) or -2.55% of an annualized net alpha. This confirms hypothesis H2 that MVMFs 

underperform during the expansion. It should be interpreted as underperformance of 

MVMFs against conventional MFs. 

Further analysis shows that MVMFs outperform conventional MFs during 

recessions. Column 3 of Table 2.6 shows that the MVMF*Recession interaction 

coefficient is 0.56% and the MVMF coefficient is -0.18%. Summing up both coefficients 

we obtain a 0.38% net abnormal return of MVMFs during recession. It is equivalent to 

4.65% of an annualized net alpha. Column 4 and 5 confirm hypothesis H3 and yield 

annualized net alphas of 3.68% and 4.02%, respectively, for MVMFs in recession. 

Because Vanguard index MFs are constructed using net returns (after charging fees for 

diversification and other services), they account for the value added of diversification. By 

benchmarking MVMFs against these Vanguard index MFs that provide diversification 

and other services, we show the abnormal returns provided by MVMFs that should 

include diversification and other services. Such results indicate that MVMF investors are 

trading inferior returns during expansions for superior returns during recessions, which is 

consistent with Kahneman’s & Tversky’s (1979) Prospect Theory. 

Column 4 of Table 2.6 shows that the MVMF*Turnover interaction coefficient is 

0.07% monthly (0.85% annualized). In other words, if the turnover ratio (Turnover) 

increases by 100%, the annualized net alpha will increase by 0.85% for MVMFs. Our 

result confirms the claim of active managers of MVMFs that they generate abnormal 

returns by trading securities. Since the turnover coefficient is insignificant, it implies that 

the benefits from trading are canceled out by transaction costs, such as commissions, 
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when a conventional MF buys and sells securities (or “turns over” its portfolio). On the 

other hand, holding more cash decreases MVMF abnormal performance. 

Table 2.6 Net MVMF Outperformance in NBER Recessions 
 
The table below presents the coefficient estimates for a panel data of monthly MF 
observations. The sample includes MVMFs and propensity score matched conventional 
MFs between January 2006 and September 2015. The dependent variable is net abnormal 
return (net alpha) calculated as the difference between net MF returns and net returns of 
Vanguard Index benchmark, as defined in Appendix E. MVMF is a dummy variable that 
takes the value of 1 if a fund is MVMF and 0 otherwise. Recession is a dummy variable 
that takes the value of 1 for the recession and 0 otherwise. Control variable are defined in 
formula (5). The numbers in parentheses are robust t-statistics. * ** and *** indicate 
statistical significance at the 10%, 5%, and 1% levels, respectively. 
 
 Dependent Variable: Net Alpha 
 (1) (2) (3) (4) (5) 
      
Recession 0.00522*** 0.00520*** 0.00265*** 0.00269*** 0.00265*** 
 (8.367) (8.329) (3.648) (3.704) (3.674) 
MVMF  -0.000924*** -0.00180*** -0.00244*** -0.00215*** 
  (-3.235) (-5.451) (-5.013) (-4.325) 
MVMF*Recession    0.00558*** 0.00546*** 0.00544*** 
   (4.381) (4.358) (4.338) 
MVMF*Turnover    0.00071* 0.00086** 
    (1.669) (2.018) 
MVMF*Cash     -0.0109** 
     (-2.019) 
Cash -0.00898*** -0.00829*** -0.00793*** -0.00831*** 0.00096 
 (-4.765) (-4.419) (-4.289) (-4.492) (0.187) 
Turnover -2.23e-05 6.47e-06 -1.42e-05 -0.000327 -0.000405 
 (-0.0904) (0.0259) (-0.0587) (-1.118) (-1.387) 
Log_TNA 0.00029*** 0.00027*** 0.00026*** 0.00026*** 0.00024*** 
 (4.138) (3.917) (3.801) (3.645) (3.489) 
Mgmt_Fee -0.00138 -0.00145 -0.00128 -0.00139 -0.00140 
 (-1.464) (-1.570) (-1.406) (-1.494) (-1.491) 
Exp_Ratio 0.0292 0.0200 0.0144 0.00792 0.00265 
 (0.373) (0.260) (0.190) (0.104) (0.0347) 
12b1_Fee -0.00154 0.00585 0.0112 0.0175 0.0249 
 (-0.0170) (0.0656) (0.127) (0.198) (0.281) 
Log_Age 0.000214 0.000261 0.000314 0.000341 0.000369 
 (0.933) (1.127) (1.353) (1.453) (1.568) 
Constant -0.00337*** -0.00289*** -0.00259*** -0.00220*** -0.00240*** 
 (-4.693) (-3.982) (-3.685) (-3.057) (-3.278) 
Observations 26,976 26,976 26,976 26,976 26,976 
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Column 5 of Table 2.6 shows that the MVMF*Cash interaction coefficient is  

-1.09% monthly (-12.32% annualized). In other words, if the MVMF holds 1% more 

cash, its annualized net abnormal return decreases by 0.12%. Therefore, the difference 

between MVMF and conventional MF performance can be partially attributed to such 

MF characteristics as turnover (positive correlation) and cash ratio (negative correlation). 

To summarize, MVMFs perform better during market recessions at a cost of 

performing worse during expansions. Such asymmetry is valuable to those investors who 

are attracted by downside protection offered by MVMFs. 

 

2.4.3 Robustness: Alternative Recession Specification 

To investigate whether our results hold for an alternative recession indicator, we 

use historical movements of the Chicago Fed National Activity Index (CFNAI) that 

closely track recessions and expansions. The CFNAI is constructed to have an average 

value of zero and a standard deviation of one and is released monthly to provide an 

objective, real-time statistical measure of coincident economic activity derived from a 

wide range of monthly indicators. We follow Kacperczyk et al. (2014) who interpret 

CFNAI readings below –0.7 as recessionary (recession). Accordingly, we define 

expansions when CFNAI readings are above –0.7. 

We show in Table 2.7 that the main coefficients of interest for the MVMF dummy 

variable and and MVMF*Recession interaction term remain statistically significant and 

of similar magnitude as the effects using a recession defined by the NBER. The second 

regression of Table 2.7 shows the impact of MVMFs on net abnormal performance, 

controlling for MF characteristics and recession. 
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Table 2.7 Net MVMF Outperformance in CFNAI Recessions 
 
The table below presents the coefficient estimates for a panel data of monthly MF 
observations. The sample includes MVMFs and propensity score matched conventional 
MFs between January 2006 and September 2015. The dependent variable is net abnormal 
return (net alpha) calculated as the difference between net MF returns and net returns of 
Vanguard Index benchmark defined in Appendix E. MVMF is a dummy variable that 
takes the value of 1 if a fund is MVMF and 0 otherwise. Recession is a dummy variable 
that takes the value of 1 for a recession and 0 otherwise. Recession measures the start and 
end of the recessions using the definition of the Chicago Fed National Activity Index 
(CFNAI). Other variables are defined in Table 2.5. The numbers in parentheses are robust 
t-statistics. * ** and *** indicate statistical significance at the 10%, 5%, and 1% levels, 
respectively. 
 
 Dependent Variable: Net Alpha 
 (1) (2) (3) (4) (5) 
      
Recession 0.00473*** 0.00471*** 0.00284*** 0.00288*** 0.00286*** 
 (9.566) (9.529) (4.714) (4.770) (4.753) 
MVMF  -0.000927*** -0.00175*** -0.00243*** -0.00212*** 
  (-3.248) (-5.156) (-4.846) (-4.167) 
MVMF* Recession   0.00406*** 0.00396*** 0.00394*** 
   (4.032) (4.005) (3.978) 
MVMF*Turnover    0.000748* 0.000906** 
    (1.747) (2.108) 
MVMF*Cash     -0.0113** 
     (-2.085) 
Cash -0.00901*** -0.00832*** -0.00808*** -0.00848*** 0.00109 
 (-4.766) (-4.420) (-4.347) (-4.567) (0.213) 
Turnover -5.86e-06 2.29e-05 7.04e-06 -0.000324 -0.000404 
 (-0.0237) (0.0909) (0.0287) (-1.109) (-1.389) 
Log_TNA 0.000271*** 0.000257*** 0.000250*** 0.000242*** 0.000228*** 
 (3.921) (3.703) (3.626) (3.463) (3.300) 
Mgmt_Fee -0.00142 -0.00149 -0.00138 -0.00149 -0.00150 
 (-1.511) (-1.619) (-1.513) (-1.601) (-1.596) 
Exp_Ratio 0.0227 0.0135 0.0114 0.00443 -0.000949 
 (0.291) (0.176) (0.149) (0.0583) (-0.0124) 
12b1_Fee 0.00313 0.0105 0.0131 0.0197 0.0273 
 (0.0346) (0.118) (0.148) (0.223) (0.307) 
Log_Age 0.000213 0.000260 0.000299 0.000328 0.000358 
 (0.929) (1.124) (1.292) (1.401) (1.521) 
Constant -0.00338*** -0.00290*** -0.00260*** -0.00219*** -0.00240*** 
 (-4.717) (-4.002) (-3.698) (-3.032) (-3.266) 
Observations 26,976 26,976 26,976 26,976 26,976 
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The MVMF coefficient of -0.09% (significant at the 1% level) is equivalent to -

1.1% of annualized net abnormal return. This should be interpreted as underperformance 

of MVMFs in relation to conventional MFs. The MVMF coefficient remains significant 

in all regressions (from 2 to 5) confirming hypothesis H2. 

Further robustness checks confirm that MVMFs outperform conventional MFs 

during recessions, confirming hypothesis H3. Column 3 of Table 2.7 shows that the 

MVMF*Recession interaction coefficient is 0.41% and MVMF coefficient is -0.18%. 

Summing up both coefficients we obtain a 0.23% net alpha of MVMFs during a 

recession. It is equivalent to 2.80% of annualized net alpha. 

Columns 4 and 5 of Table 2.7 yield annualized net alphas of 1.85% and 2.21%, 

respectively, for MVMFs in recessions. As in the baseline results presented in Table 2.6, 

MVMF investors obtain abnormal returns in recessions after the fees are taken into 

account. 

Table 2.8 displays gross MVMF Outperformance in CFNAI Recessions. The 

figures reported in this table confirm that MVMF managers generate abnormal 

performance in recessions (before charging fees to the investors). Results presented in 

Columns 3, 4, and 5 show that MVMFs generate 2.82%, 2.16%, and 2.48% of annualized 

gross alphas, respectively. The effects are of somewhat lower magnitudes than the effects 

of NBER recessions shown in Tables 2.4 and 2.5. The results confirm that, based on 

gross returns, MVMF managers generate higher abnormal performance than conventional 

MF managers in recessions. 
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Table 2.8 Gross MVMF Outperformance in CFNAI Recessions 
 
The table below presents the coefficient estimates for a panel data of monthly MF 
observations. The sample includes MVMFs and propensity score matched conventional 
MFs between January 2006 and September 2015. The dependent variable is gross 
abnormal return (gross alpha) calculated as the difference between gross MF returns and 
gross returns of Vanguard Index benchmark defined in Appendix E. MVMF is a dummy 
variable that takes the value of 1 if a fund is MVMF and 0 otherwise. Recession is a 
dummy variable that takes the value of 1 for a recession and 0 otherwise. Recession 
measures the start and end of the recession using the definition of the Chicago Fed 
National Activity Index (CFNAI). Other variables are defined in Table 2.5. The numbers 
in parentheses are robust t-statistics. * ** and *** indicate statistical significance at the 
10%, 5%, and 1% levels, respectively. 
 
 Dependent Variable: Gross Alpha 
 (1) (2) (3) (4) (5) 
      
Recession 0.00466*** 0.00465*** 0.00273*** 0.00275*** 0.00274*** 
 (9.436) (9.397) (4.523) (4.563) (4.546) 
MVMF  -0.000987*** -0.00183*** -0.00230*** -0.00202*** 
  (-3.446) (-5.367) (-4.640) (-3.985) 
MVMF* Recession   0.00415*** 0.00408*** 0.00406*** 
   (4.132) (4.125) (4.101) 
MVMF*Turnover    0.000524 0.000674 
    (1.249) (1.597) 
MVMF*Cash     -0.0106** 
     (-1.972) 
Cash -0.00929*** -0.00855*** -0.00831*** -0.00859*** 0.000387 
 (-4.958) (-4.582) (-4.507) (-4.647) (0.0764) 
Turnover 0.000129 0.000160 0.000144 -8.97e-05 -0.000166 
 (0.542) (0.662) (0.610) (-0.320) (-0.596) 
Log_TNA 0.000264*** 0.000250*** 0.000242*** 0.000237*** 0.000223*** 
 (3.813) (3.581) (3.506) (3.386) (3.234) 
Mgmt_Fee -0.00132 -0.00140 -0.00127 -0.00136 -0.00136 
 (-1.396) (-1.508) (-1.398) (-1.457) (-1.454) 
Exp_Ratio 0.0894 0.0796 0.0772 0.0724 0.0674 
 (1.157) (1.046) (1.025) (0.963) (0.892) 
12b1_Fee 0.0262 0.0341 0.0372 0.0418 0.0488 
 (0.292) (0.385) (0.424) (0.476) (0.555) 
Log_Age 0.000217 0.000267 0.000305 0.000326 0.000353 
 (0.949) (1.157) (1.323) (1.394) (1.506) 
Constant -0.00338*** -0.00287*** -0.00257*** -0.00228*** -0.00247*** 
 (-4.718) (-3.954) (-3.637) (-3.156) (-3.370) 
Observations 26,976 26,976 26,976 26,976 26,976 
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2.4.4 Robustness: Alternative Benchmark Specification 

MVMFs claim to protect investors against the volatility of the broadly defined 

“market,” not just specific benchmarks. To test whether the results are sensitive to the 

definition of the benchmarks, we use the general market benchmark defined by two 

different benchmarks. The first benchmark is Vanguard Large Cap Index Fund. The Fund 

employs an indexing investment approach designed to track the performance of the CRSP 

US Large Cap Index, a broadly diversified index of large U.S. companies representing 

approximately the top 85% of U.S. market capitalization. The correlation of this index 

fund with S&P500 is 99.95%. We use Vanguard Large Cap Index Fund because it 

represents the alternative opportunity set marketed and available to the investors. 

In line with the first definition of the market index, Table 2.9 defines the 

dependent variable as a net abnormal return (Net Large Cap Alpha) calculated as the 

difference between net MF returns and net returns of Vanguard Large Cap Index Fund 

Admiral. The results are qualitatively and quantitatively similar to the benchmark results, 

confirming the hypotheses H1, H2, and H3. 

The second benchmark is Vanguard Extended Market Index Fund that employs an 

indexing investment approach designed to track the performance of the Standard & 

Poor’s (S&P) Completion Index, a broadly diversified index of stocks of small and mid-

size U.S. companies. The S&P Completion Index contains all of the U.S. common stocks 

regularly traded on the New York Stock Exchange and the Nasdaq over-the-counter 

market, except those stocks included in the S&P 500 Index. The Fund invests all, or 

substantially all, of its assets in stocks of its target index, with nearly 80% of its assets 

invested in approximately 1,000 of the stocks in its target index (covering nearly 85% of 
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the Index’s total market capitalization), and the rest of its assets in a representative 

sample of the remaining stocks. The Fund holds a broadly diversified collection of 

securities that, in the aggregate, approximates the full Index in terms of key 

characteristics. These key characteristics include industry weightings and market 

capitalization, as well as certain financial measures, such as price/earnings ratio and 

dividend yield. 

Table 2.9 Net Large Cap Alpha MVMF Outperformance in NBER Recessions 
 
The table below presents the coefficient estimates for a panel data of monthly MF 
observations. The sample includes MVMFs and propensity score matched conventional 
MFs between January 2006 and September 2015. The dependent variable is net abnormal 
return (Net Large Cap Alpha) calculated as the difference between net MF returns and net 
returns of Vanguard Large Cap Index Fund Admiral. MVMF is a dummy variable that 
takes the value of 1 if a fund is MVMF and 0 otherwise. Recession is a dummy variable 
that takes the value of 1 for a recession and 0 otherwise. Recession measures the start and 
end of the recessions using the definition of the NBER business cycle dating committee 
and spans 18 months from December 2007 until June 2009. MVMF*Turnover is an 
interaction term between the MVMF dummy variable and Turnover Ratio, defined in 
formula (5). MVMF*Cash is an interaction term between the MVMF dummy variable 
and Cash Ratio, defined in formula (5). Controls are control variables defined in formula 
(5). The numbers in parentheses are robust t-statistics. * ** and *** indicate statistical 
significance at the 10%, 5%, and 1% levels, respectively. 
 
 Dependent Variable: Net Large Cap Alpha 
 (1) (2) (3) (4) (5) 
      
Recession 0.00541*** 0.00538*** 0.00320*** 0.00323*** 0.00323*** 
 (8.355) (8.318) (4.149) (4.193) (4.190) 
MVMF  -0.00138*** -0.00222*** -0.00336*** -0.00345*** 
  (-3.294) (-4.931) (-4.738) (-4.684) 
MVMF* Recession   0.00502*** 0.00488*** 0.00489*** 
   (3.792) (3.734) (3.733) 
MVMF*Turnover    0.00110* 0.00106* 
    (1.959) (1.897) 
MVMF*Cash     0.00261 
     (0.560) 
Controls Yes Yes Yes Yes Yes 
Observations 24,006 24,006 24,006 24,006 24,006 
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Table 2.10 defines the dependent variable as net abnormal return (Net Extended 

Market Alpha) calculated as the difference between net MF returns and net returns of 

Extended Market Index Fund Admiral. The results are qualitatively and quantitatively 

similar to the benchmark results, confirming hypotheses H1, H2, and H3.
29

 

Table 2.10 Net Extended Market Alpha MVMF Outperformance in NBER 
Recessions 
 
The table below presents the coefficient estimates for a panel data of monthly MF 
observations. The sample includes MVMFs and propensity score matched conventional 
MFs between January 2006 and September 2015. The dependent variable is net abnormal 
return (Net Extended Market Alpha) calculated as the difference between net MF returns 
and net returns of Extended Market Index Fund Admiral. MVMF is a dummy variable 
that takes the value of 1 if a fund is MVMF and 0 otherwise. Recession measures the start 
and end of the recessions using the definition of the NBER business cycle dating 
committee and spans 18 months from December 2007 until June 2009. MVMF*Turnover 
is an interaction term between the MVMF dummy variable and Turnover Ratio, defined 
in formula (5). MVMF*Cash is an interaction term between the MVMF dummy variable 
and Cash Ratio, defined in formula (5). Controls are control variables defined in formula 
(5). The numbers in parentheses are robust t-statistics. * ** and *** indicate statistical 
significance at the 10%, 5%, and 1% levels, respectively. 
 
 Dependent Variable: Net Extended Market Alpha 
 (1) (2) (3) (4) (5) 
      
Recession 0.00389*** 0.00387*** 0.000892 0.000930 0.000935 
 (5.757) (5.725) (1.086) (1.132) (1.139) 
MVMF  -0.000737** -0.00187*** -0.00257*** -0.00237*** 
  (-2.075) (-4.780) (-4.716) (-4.211) 
MVMF* Recession   0.00669*** 0.00657*** 0.00653*** 
   (4.887) (4.864) (4.822) 
MVMF*Turnover    0.000784* 0.000901* 
    (1.650) (1.900) 
MVMF*Cash     -0.00788 
     (-1.555) 
Controls Yes Yes Yes Yes Yes 
Observations 24,006 24,006 24,006 24,006 24,006 
      

 

                                                
29 We do additional robustness checks by using the whole sample of conventional MFs 
(without propensity score matching on fund characteristics). The results remain valid. 
They are available upon request. 



76 
 

2.5 Conclusion 

Which MF managers protect their investors during recession? The answer to this 

question matters for subjects ranging from market efficiency to what kind of portfolio 

advice to give investors. Yet, due to the prevalent point of view that managers of 

conventional MFs do not, on average, add value for their investors, the question has not 

been explored. Previous studies have ignored the relatively new category of MFs that 

manage volatility in order to protect their clients from recessions. We call them Managed 

Volatility Mutual Funds (MVMFs) and provide the first study of performance of MVMFs 

compared to conventional MFs during recessions and expansions. 

In this paper, we demonstrate that MVMF managers not only outperform passive 

benchmarks but also conventional MFs during a recession. This finding is robust after 

controlling for various model specifications and definitions of a recession. The results are 

also robust when we control for fund level characteristics and regardless of whether we 

use net or gross abnormal returns. 

MVMFs generate annual gross alpha of more than 4% as compared to 

conventional MFs. Such a finding implies that MVMF managers deliver better 

performance than managers of conventional MFs. To see whether MVMFs also add value 

to the investors after MF fees and expenses are taken into account, we use net returns in 

further analysis. 

We show that MVMFs outperform conventional MFs in recessions by 4% 

annually (after the fees are taken into account, in the baseline model). Because returns are 

constructed net of fees, our results imply that MVMF abnormal returns include 



77 
 

diversification and other services to investors. Therefore, it is not only MVMF managers 

but also MVMF investors who obtain abnormal returns in recessions. 

On the other hand, we find that MVMFs generate negative abnormal performance 

in relation to conventional MFs in expansions. Specifically, during expansions, MVMFs 

underperform conventional funds by 2.55% (net alpha) and 2.42% (gross alpha) annually. 

These results suggest that MVMFs can benefit investors during market recessions at a 

cost of performing worse during expansions. Such asymmetry is valuable to those 

investors who are attracted by downside protection offered by MVMFs. 

Another contribution of this paper lies in identifying the mechanism of generating 

asymmetric abnormal performance. Namely, MVMFs with a higher turnover ratio, on 

average, are able to generate positive abnormal performance compared to conventional 

MFs. Conversely, by holding more cash, MVMFs produce negative abnormal 

performance in relation to conventional MFs.  

 Our results can explain recent growth in the number of MVMFs, especially after 

the 2007-2009 financial crisis. Our findings are consistent with the results of Kacperczyk 

et al., (2014) who show that some investment managers can successfully time the market 

during recessions. Our findings also explain that even though, on average, MFs do not 

generate positive alphas during the entire sample period, MFs can still benefit the 

investors during recessions. 

 Our findings raise several interesting questions for the future research.  First, what 

portion of the outperformance by MVMFs can be attributed to the characteristics of 

portfolio holdings, as opposed to the characteristics of the actual funds?  Second, what 

role do leverage and derivatives used by MVMFs play in generating asymmetry in 
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performance in various market conditions? Finally: What are the implications of the 

prolonged expansion (after the 2007-2009 financial crisis) on the popularity and 

performance patterns of MVMFs? 
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CHAPTER 3 
 

MUTUAL FUND VOLATILITY: DOES STYLE MATTER? 
 
 

3.1 Introduction 

The mutual fund (MF) industry ranks second in terms of size within the U.S. financial 

institutions, right after the banking industry (Saunders and Cornett 2014). In 2012, 52.3 

million households, or 44 percent of all households in the U.S., owned MFs, and the total 

assets of all MFs reached $13 trillion (Investment Company Institute (ICI), 2013).30 In 

comparison, total assets of all U.S. commercial banks were $13.4 trillion in the 

same year (Federal Deposit Insurance Corporation, FDIC). Households were the largest 

group of investors in MFs and MFs managed 23 percent of households’ financial assets at 

year-end 2012 (ICI fact-book, 2013). 

MFs are popular because they offer various types of investments providing 

divisibility, diversification, and low transaction costs to individual and institutional 

investors. MF shares are also considered liquid investments because they can be 

redeemed for cash within a business day (if MFs are open-ended funds), as need arises.31 

However, most prior studies have reported that compared to a market portfolio, MFs 

generate negative abnormal returns for investors (Jensen, 1968; Carhart, 1997; Fama 

and French, 2010). 

Additionally, MFs carry different levels of risk with none being risk free. In fact, MF 
                                                
30 www.ici.org/pdf/2013_factbook.pdf  
31 Mutual fund is the common name for an investment company. Open-end MFs issue 
redeemable shares that investors purchase directly from the fund (or through a broker for 
the fund) instead of purchasing from investors on a secondary market. In the literature, 
term MF is often used instead of a term shares of MFs. Our sample includes open-end 
MFs only. Closed-end funds sell a fixed number of shares at one time (in an IPO) that later trade 
on a secondary market. 
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investors may be exposed to a considerable level of risk because they may lose some or 

all of their investments— the principal — when the securities held by a fund oscillate up 

and down in value as market conditions change. As the financial crisis of 2007-2009 

has demonstrated, even money market funds (MMFs), the safest among MFs, carry 

risk.32 

The financial crisis of 2007-2009 had a profound impact on the MF industry. On 

September 16, 2008, the Reserve Primary Fund, a large MMF with $65 billion of assets 

under management (AUM), disclosed that it had “broken the buck,” namely that its 

shareholders would lose some of their principal. This news triggered the equivalent of a 

bank run, leading to $172 billion worth of redemptions from the $3.45 trillion worth 

MMF sector (Kacperczyk and Schnabl, 2010), or five percent of the total. Schmidt et al. 

(2014) indicate that investors are even more likely to run from higher-yield MFs (such as 

equity MFs) in crises because they are more vulnerable to negative news, as compared 

with MMFs. Equity MFs offer higher yields than MMFs but at the same time they are 

much riskier to investors. Unlike what many individual investors believe, neither the 

FDIC nor any other government agency insures MFs, including MMFs. 

There are reasons to believe that MF managers can influence MF volatility and 

riskiness. For instance, there are many channels through which MF managers can alter 

the riskiness, and hence, the return volatility of their, respective, MF’s overall 

investment. These channels include hedging with derivatives, allocating capital to cash 

equivalents, and rebalancing the portfolio to modify its inherent risk level, as detailed 

                                                
32 Reserve Primary Fund “broke the buck” as its share price was reduced below $1 to 
$0.97 on September 16th 2008. This resulted in massive redemptions in other money 
market mutual funds. 
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below. According to Security Exchange Commission (SEC), an MF may use derivatives 

to increase or decrease exposure to a market, sector, or security.33 By utilizing various 

strategies, MFs can increase, maintain, or decrease the volatility of their returns. Koski 

and Pontiff (1999) find that, depending on whether derivatives are used to speculate or to 

hedge, MFs that use derivatives may have higher or lower risk. Concerns about MFs’ 

exposure to additional risk factors and the possibility of contagion from MFs to 

other financial sectors and elevation of systemic risk motivate the need to 

investigate volatility patterns under normal and crisis conditions for various MF 

styles. 

To enhance our knowledge of the risks associated with various MF styles and their 

effects on systemic risk, we allow for clustering, shock persistence, and asymmetry 

characteristics in our MF return volatility models. While MF returns are difficult to 

predict (Jensen, 1968), volatility is often said to be somewhat predictable due to its 

persistence characteristics (see, e.g., Bollerslev, Chou, and Kroner, 1992). 

Knowledge of clustering helps predict volatility levels in the future and is valuable for 

MF investors, managers, and regulators. 

While the analysis of MF return volatility persistence is of considerable interest, it 

has not been adequately examined, especially for the more refined, investment-

style-based portfolios. If shock persistence is similar across MF portfolios of various 

styles, the contribution of the MF industry to systemic risk will be stronger, calling for 

regulatory attention (Elyasiani and Mansur, 2013). A shock whose effects last for the 

same length of time for various MF styles, results in volatility rising and then falling for 

                                                
33 http://www.sec.gov/rules/concept/2011/ic-29776.pdf 
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those MFs simultaneously, leading to big overall spikes and sharp declines. 

If negative innovations in returns increase volatility more than positive innovations of 

the same magnitude, a phenomenon called asymmetry, the MF industry will be highly 

vulnerable to market downturns. Prevalence of asymmetry points to the deeper adverse 

influence of negative news, e.g., fraud, the collapse of a large institution, or the onset of 

crises, compared to the positive news, on the volatility of MF portfolios. Prior empirical 

research does not provide an answer to the question whether MF return volatility 

responds symmetrically or asymmetrically to positive and negative return shocks. 

Researchers implicitly assume symmetry by using basic GARCH models for MF 

returns (Vrontos et al. 2011; Coggins et al. 2009). However, if asymmetry is indeed 

pronounced and robust across portfolios, correct model specification should include 

an asymmetry term in volatility, which will, in turn, improve volatility forecasting. 

Significant asymmetry is a feature that makes MF industry highly vulnerable to 

market downturns. 

It is important to conduct a test of the hypotheses related to volatility models for 

various MF styles. The differences between MF styles can yield distinctive results 

because MFs invest in accordance with their specific objective that can be found in the 

prospectus or statement of additional information.34  For example, Income MFs may 

invest in mostly established, "blue chip" companies that pay regular dividends while 

Growth MFs may invest in newer companies that pay no dividends but have greater 

potential for growth. 

Results may also differ across non-index and index MFs. Portfolio managers of non-

                                                
34 http://www.sec.gov/answers/mfinfo.htm 
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index MFs or Actively Managed MFs (AMFs) typically rely on costly research to make 

specific investments with the goal of outperforming an investment benchmark index. 

Sharpe (1991) argues that if AMFs do not outperform their passive benchmarks, it 

follows that after-cost return from active management must be lower than that from 

passive management. This is true due to the fact that active managers tend to trade fairly 

frequently and incur substantial costs – hence the term “active”. 

On the other hand, an index MF, or Passively Managed MF (PMF), is a type of 

mutual fund whose investment objective is to achieve the same return as a particular 

market index, such as the S&P 500 Composite Stock Index or the Wilshire 5000 Total 

Market Index. The management of index MFs is more “passive”, than the management of 

non-index funds, in the sense that an index fund manager only needs to track a relatively 

fixed index of securities. Passive management usually translates into less trading, more 

favorable tax consequences, and lower fees and expenses than the ones for active 

management. Because PMF strategy requires it to purchase primarily a subset of the 

securities contained in an index, PMF is subject to the same risks as securities contained 

in an index.35 

Our empirical approach is related to Fang and Lai (1997) and Elyasiani and Mansur 

(2013). Our sample period spans September 2, 1998 to December 31, 2013, resulting in 

3,858 daily time-series observations for each portfolio, large enough to be adequate for 

conducting our empirical tests within an EGARCH model. A major benefit of using daily 

data is that some MFs that are considered more speculative are designed to achieve their 

stated objectives on a daily basis. This means that such MFs reset and rebalance their 

                                                
35 http://www.sec.gov/answers/indexf.htm 
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portfolios daily. While our data capture daily changes, they have the disadvantage of 

being subject to a higher noise than monthly data. 

We obtain several results. First, we show that the financial crisis of 2007-2009 had a 

positive or a negative impact on volatility, depending on the investment style, further 

confirming the need to analyze MFs at the style level. Second, our findings reveal that for 

most MF styles, volatility clustering and shock persistence are positive and significant, 

providing some help in predicting MF returns. Lastly, we show that asymmetry ranges 

widely from negative values for AMFs to positive values for PMFs suggesting a heavy 

toll of the market downturns on respective MFs styles. 

The rest of this article is organized as follows. Section 3.2 presents an overview of the 

relevant literature and develops the hypotheses. Section 3.3 describes our methodology. 

Section 3.4 provides the description of the data and discusses the empirical findings. 

Section 3.5 concludes. 

 

3.2 Literature Review and Hypotheses Development 
 

While Carhart (1997) four-factor model is regularly used in return models, adding 

such factors as co-skewness (systematic skewness) and co-kurtosis (systematic kurtosis) 

has been shown to increases explanatory power. Numerous studies have explored 

skewness and its importance in asset pricing models (Ingersoll, 1975; Kraus and 

Litzenberger 1976; Sears and Wei 1985; Harvey and Siddique, 2000). The addition of the 

systematic skewness factor increases the explanatory power of asset-pricing models and 
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makes them more competitive (Harvey and Siddique, 2000).36 If asset returns display 

systematic skewness, expected returns should include rewards for accepting this risk. 

Fang and Lai (1997) show that, in the presence of skewness in the asset return 

distribution, the expected excess rate of return is related to the systematic skewness (co-

skewness).37 They show that an asset with negative (positive) co-skewness is expected to 

have greater (lower) expected returns. 

Previous research also documents the presence of kurtosis in the U.S. common stock 

returns (Fama, 1965; Officer, 1972). Overlooking kurtosis underestimates the asset risk 

exposure and results in asset price distortions (Mandelbrot, 1963). To incorporate 

kurtosis into the asset pricing model, Fang and Lai (1997) derive a four-moment CAPM 

in which systematic kurtosis contributes to the risk premium of an asset. To allow for co-

kurtosis, they include a cubic market term in the model. They show that investors are 

compensated in terms of higher expected return for bearing the systematic kurtosis risks 

(co-kurtosis).38 

Risk-adjusted performance affects fund cash flows (Gruber, 1996; Edelen, 1999) 

and MF managers have incentives to manage volatility because it has implications 

for both manager compensation and investor payouts. Brown et al. (1996) show that 

the MF compensation is linked to relative performance and presence of a large number of 

MFs in the market place gives rise to tournaments, in effect pushing underperforming 
                                                
36 Some of the empirical shortcomings of the standard CAPM stem from failures in 
explaining the returns of specific groups of securities such as the smallest market-
capitalized firms and returns from specific strategies such as ones based on momentum. 
Such assets have the most skewed returns. 
37 Co-skewness, or systematic skewness, of a portfolio of assets with the market estimates 
how skewness of the portfolio covaries with the skewness of the market 
38 Co-kurtosis, or systematic kurtosis, of a portfolio of assets with the market estimates 
how kurtosis of the portfolio covaries with the kurtosis of the market. 
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funds towards a higher level of risk exposure.39  To regain losses and increase their 

compensation, MF managers can increase the volatility of their portfolios by using 

derivatives. 

The SEC emphasizes that some derivatives strategies entered into by an MF, such as 

purchased call options, provide the economic equivalent of leverage because they convey 

the right to a gain or a loss on an amount that exceeds the fund’s investment but do not 

impose a payment obligation on the fund above its initial investment.40  In essence, 

derivatives magnify an MF’s gain or loss from an investment in the same way that 

incurring indebtedness does. According to the SEC, using derivatives entails risks 

relating to leverage, illiquidity, and counterparty positions, among other risks. 

With respect to some primary types of assets that underlie the derivatives, MFs may 

use currency, interest rate, and credit derivatives. The 2007-2009 crisis has amplified the 

use of derivatives by MFs. For instance, Adam and Guettler (2015), who examine the use 

of credit default swaps (CDS) in the U.S. MF industry, show that among the largest 100 

corporate bond funds, the use of CDS has increased from 20% in 2004 to 60% of the MFs 

in 2008. Moreover, among these funds, the average size of CDS positions increased from 

2% of a fund’s net asset value (NAV) in 2004 to almost 14% in 2008, and some funds 

                                                
39 Tournament is a situation when economic agents are rewarded based on their relative 
performance rather than pure output level. Lazear and Rosen (1981) and Nalebuff and 
Stiglitz (1983) provide the theoretical foundations of the tournaments in reward 
structures. The central implication that emerges in the Brown et al. (1996) analysis is that 
the set of MFs most likely to be "losers" in the final tournament results will see their risk 
levels increase relative to the group of probable "winners." 
40 This type of leverage is referred to as “economic leverage.” See 1994 SEC Report, 
supra note 3, p. 23: “Other derivatives provide the economic equivalent of leverage 
because they display heightened price sensitivity to market fluctuations, such as changes 
in stock prices or interest rates. In essence, these derivatives magnify a fund’s gain or loss 
from an investment in much the same way that incurring indebtedness does.” 
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exceeded this level by a wide margin. In the sample used in Adam and Guettler’s (2015) 

study, the total notional amount of CDS positions increased from an average of $103 

million in 2004 to an average of $632 million per fund in 2008. The authors show that 

CDS were predominantly used to increase a fund’s exposure to credit risk rather than to 

hedge it. 

The asymmetry of volatility reaction to good and bad news has multiple 

explanations. To begin with, it can be partially explained by the so-called “leverage 

effect” discussed in the equity literature. 41 Lev (1974) shows that leverage effect 

can be brought about, for instance, by operating leverage, defined as the ratio of the 

fixed costs to operating costs. He argues that at the firm level, large capital 

expenditures associated with a rise in operating leverage can increase stock 

riskiness. Yet, he acknowledges that operating leverage is not the only, and maybe 

not the major variable, contributing to the stock risk of stocks. 

A better-known leverage explanation is the so-called “financial leverage effect” 

described by Black (1976). According to this view, within a given risk class, the 

higher the relative share of fixed interest charges, the larger the volatility of the 

earnings residual accruing to common stockholders will be. Christie (1982) 

demonstrates that volatility is an increasing function of financial leverage. Bad 

unexpected news decreases the value of equity, which in turn leads to a higher 

financial leverage. Consequently, volatility goes up as leverage goes up. Asymmetry 

exists because when good news increases the value of the firm’s equity, its financial 
                                                
41 It is not yet established in the finance literature that the asymmetric properties of 
variances are fully or even partially due to changes in leverage. The terminology 
"leverage effect" is used here because it is popular among researchers when referring to 
such a phenomenon (Engle and Ng, 1993). 



88 
 

leverage declines. 

As Schwert (1989) shows, however, financial leverage cannot fully account for 

predictive asymmetry of the second moments in the return distributions. Likewise, 

Hasanhodzic & Lo (2011) suggest that the inverse relationship between equity returns 

and subsequent volatility changes is not due to financial leverage. They show that the 

results are as strong among all-equity firms as among the firms with substantial debt. Yet, 

they admit they cannot provide the clear-cut explanation of the leverage effect. 

MFs are allowed to borrow from any bank and take on substantial “economic 

leverage” if they maintain an asset coverage ratio of at least 300 percent for all senior 

securities.42 Leverage is likely to lead to an asymmetric response in MF volatilities to 

positive and negative return shocks that they receive. To illustrate, when the value of 

MF’s AUM goes down as a result of bad news, “economic leverage” of the portfolio goes 

up and its volatility increases. Good news, on the contrary, increases the value of MF’s 

AUM and decreases “economic leverage”. 

Alternatively, by timing the return volatility and using derivatives, MFs can hedge 

their exposure to risky assets and decrease the response of volatility to bad news. As 

Koski and Pontiff (1999) show, derivatives provide an inexpensive way for MF managers 

to change risk. Another way to decrease exposure to bad news is to regularly rebalance 

the portfolio. Huang (2015) show that MF managers hold more cash and stocks with low 

exposure to volatility when expected market volatility is high. Such a strategy decreases 

the volatility of the portfolio. 

                                                
42 Under Section 18(g) of the 1940 Act, the term “senior security” includes any bond, 
debenture, note, or similar obligation or instrument constituting a security and an 
evidence of indebtedness. Asset Coverage = Assets/Senior Securities. 
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Volatility clustering implies that today’s volatility shocks will influence subsequent-

period volatilities. Among the economic reasons for volatility clustering are the 

following: heterogeneity in investment time horizons, investor inertia, and asset and 

funding liquidity (Brunnermeier and Pedersen, 2009; Cont, 2007; and Lux and Marchesi, 

2000). 

To analyze and forecast volatility, ARCH-type models have increasingly become the 

standard tools in equity literature (Engle, 2001). Despite the apparent success of ARCH 

(Engle, 1982) and GARCH (Bollerslev, 1986) models, they cannot reflect some 

important features of the financial data. For example, they cannot allow a test of the 

presence of the leverage effect, discovered by Black (1976) and confirmed by Schwert 

(1990). To test for existence of the leverage effect, an EGARCH model can be employed 

(Nelson, 1991). The EGARCH model differs from the standard GARCH model in two 

respects. First, the EGARCH specification allows good news and bad news to have 

asymmetric impacts on volatility while the standard GARCH model does not. If the effect 

is assumed to be symmetric, while in fact, it is not, parameter estimates in the model may 

provide little or no insight into the skills with which MF managers deal with positive and 

negative shocks. Second, from the estimation perspective, the EGARCH is superior as it 

relaxes strict non-negativity restrictions present in linear GARCH models by 

parameterizing the logarithm of the conditional variance. EGARCH model has statistical 

advantages compared to the alternative models with the leverage effect such as GJR and 

GQARCH (Rodriguez and Ruiz, 2012). 

Several hypotheses are developed based on the discussion above. Tests are conducted 

separately for each portfolio within the EGARCH model described in the next section. 
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We test the following hypotheses: 

H1: Financial crisis 2007 – 2009 did not exert a significant impact on the conditional 

volatility of MF returns (No intercept shift in volatility due to crisis) 

H2: Larger shocks to MF returns do not lead to greater increases in volatility of MF 

returns, regardless of the sign of the shock (No size effect) 

H3: Shocks to MF returns are not persistent (No shock persistence). 

H4: Negative and positive innovations in MF returns increase volatility of returns equally 

(No asymmetry between good news and bad news) 

 

3.3 Methodology 
 

Our empirical strategy adopts a modified version of Carhart (1997) four-factor model 

with an EGARCH volatility specification to examine the daily return volatility patterns of 

the MFs in our sample. Kacperczyk et al. (2008) use the Carhart model to examine the 

monthly excess returns of MFs. Accordingly, we include the Fama-French factors and the 

momentum factor. Additionally, we modify the Carhart model to include co-skewness, 

co-kurtosis, and a dummy variable for the 2007-2009 financial crisis in the return 

equation. During the crisis, numerous unfavorable economic and financial events 

occurred, putting considerable pressure on equity MFs. Since the financial crisis period 

mostly overlapped with a recession, following previous work (Elyasiani and Mansur, 

2013), we include only one dummy variable to identify both the crisis and the recession 

in order to avoid the problem of multicollinearity. We measure the start and end of the 

crisis using the definition of the National Bureau of Economic Research (NBER) 
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business cycle dating committee.43 The start of the recession is the peak of economic 

activity and its end is the trough. The recession spans 18 months from December 2007 

until June 2009. One can interpret the dummy variable as capturing the combined effects 

of the recession and the financial crisis. 

To be able to draw consistent inferences for all MF styles, the multifactor EGARCH 

(1, 1) model is adopted for all the portfolios. The model is described as: 

 𝑟«,5 = 𝑎«,% + 𝛽«,(𝑀𝑅𝑃5 +	𝛽«,+𝑀𝑅𝑃+5 +	𝛽«,.𝑀𝑅𝑃.5 + 𝛽«,1𝐻𝑀𝐿5 + 𝛽«,�𝑆𝑀𝐵5 +

𝛽«,±𝑀𝑂𝑀5 + 𝜃«,(𝐶𝑟𝑖𝑠𝑖𝑠	5 + 𝜀«,5         (1) 

Where: 

𝑟«,5 = 𝑅«,5 − 𝑅´,5 is the excess return on portfolio p on day t.  

𝑀𝑅𝑃5 = 𝑅µ,5 − 𝑅´,5 is the excess return on market portfolio on day t (market premium). 

Its coefficient represents systematic risk. 

𝑀𝑅𝑃+5	is the squared value of market premium. Its coefficient represents co-skewness 

(systematic skewness). 

𝑀𝑅𝑃.5  is the cubed value of market premium. Its coefficient represents co-kurtosis 

(systematic kurtosis). 

𝑅µ,5  is the daily return on market portfolio m. It is calculated as the value-weighted 

return on all stocks traded on the New York Stock Exchange (NYSE), the American 

Stock Exchange (AMEX), and the National Association of Securities Dealers Automated 
                                                
43 Contrary to the financial press, the NBER does not define a recession in terms of two 
consecutive quarters of decline in real GDP. Rather, a recession is a significant decline in 
economic activity spread across the economy, lasting more than a few months, normally 
visible in real GDP, real income, employment, industrial production, and wholesale-retail 
sales. For more information, see the latest announcement from the NBER's Business 
Cycle Dating Committee, dated 9/20/10. http://www.nber.org/cycles.html and the related 
FAQs: http://www.nber.org/cycles/recessions_faq.html  
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Quotations (Nasdaq) stocks obtained from The Center for Research in Security Prices 

(CRSP). 

𝑅«,5 is the daily value-weighted return on respective portfolio p. Value-weighted returns 

provide an accurate measure of the actual investor experience (Dichev, 2007). 

𝑅´,5  is the daily return on riskless securities, defined as one-month Treasury bill rate 

obtained from Ibbotson Associates. 

𝐻𝑀𝐿5 is the return on the high-minus-low book-to-market portfolio on day t. 

𝑆𝑀𝐵5 is the return on the small-minus-big portfolio on day t. 

𝑀𝑂𝑀5 is the return on the up-minus-down momentum portfolio on day t. 

𝐶𝑟𝑖𝑠𝑖𝑠	5 is a dummy variable that equals one for time period from December 2007 until 

June 2009 and zero otherwise. 

To allow for an asymmetric response of volatility to positive and negative news, we 

use the EGARCH model introduced by Nelson (1991). In EGARCH (1, 1) model, the 

conditional variance for each portfolio, is modeled as: 

 ln ℎ5 = 𝛼+ + ℊ 𝑧58( + 𝛽𝑙𝑜𝑔 ℎ58( + 𝜃+𝐶𝑟𝑖𝑠𝑖𝑠	5    (2) 

Where ℊ 𝑧5  is an asymmetric function of 𝑧5: 

 ℊ 𝑧5 = 𝛼 𝑧5 − E 𝑧5 + 𝛾𝑧5       (3) 

For each portfolio P, 

 𝜀5 = 𝑧5 ℎ5 , 𝑧5 ∼ 𝑖𝑖𝑑 0,1 |Ω I"8( , 𝑧5 ∼ t 0, ℎ5, ϑ , 𝐸 𝜀5 = 0, 𝐸 𝜀5	𝜀¾ = 0, ∀𝑡 ≠ 𝑠 (4) 

Coefficient 𝛾  shows the “sign” or the “asymmetry” effect for shock 𝑧5 . If 𝛾  is 

different from zero, volatility reacts asymmetrically to positive and negative return 

shocks. In particular, if 𝛾 < 0, negative shocks increase volatility more than positive 
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shocks of equal magnitude. If 𝛾 > 0 , positive shocks increase volatility more than 

negative shocks.44 

Coefficient 𝛽	in equation (2) is the GARCH effect, which determines the persistence 

of the influence of past conditional volatilities on the current conditional volatility. In line 

with the pertinent literature, coefficient 𝛼 in equation (3), pertaining to the size effect, is 

expected to be positive, indicating that larger shocks to returns have a greater impact on 

MF volatility, than smaller shocks, regardless of their sign. Equation (4) describes the 

error term 𝜀5 and its standardized value 𝑧5 =
ÂÃ
ÄÃ

 

To determine how well our model fits the data, we compare the Akaike’s Information 

Criterion (AIC) (Akaike, 1973) for our model with those of the CAPM, the three-factor 

Fama-French (Fama and French, 1993), and the Carhart (1997) four-factor model, which 

excludes the crisis dummy, co-skewness, and co-kurtosis. Among all constructed 

portfolios specified in Table 3.1, our model produces the lowest AIC values. It, therefore, 

fits the data the best of the other models considered and it is the most reliable model to 

draw inferences and conclusions from. The AIC statistics for the models are reported, 

respectively, in Table 3.4, Table 3.5, and Table 3.6. 

Dickey and Fuller (1979) developed a procedure for testing whether a variable has a 

unit root or, equivalently, whether the variable follows a random walk. We utilize the 

augmented Dickey-Fuller (ADF) test in order to test the stationarity of time series in each 

                                                
44 See Koutmos and Booth (1995). If 𝛾 = 0, the effects of positive and negative shocks on 
volatility will be symmetric. The strength of asymmetry (SA) can be quantified by the 
relative contributions of the negative and positive shocks to volatility. The relative 
sensitivity can be calculated as the ratio of the derivatives of ℊ 𝑧  with respect to 𝑧 under 
negative and positive shocks as: (|-1+	𝛾 |)/(1+	𝛾) 
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portfolio. Results are presented in Panels B of Table 3.4, Table 3.5, and Table 3.6. The p-

values of the ADF test statistics are found to be much lower than 1 percent, indicating 

that the null hypothesis of the unit root is rejected and all sequences are stationary and 

error terms follow random walks. 

 

3.4 Empirical Analysis 

3.4.1 The Data 

MFs are a special class of funds created in the 1940s, whose products can be widely 

marketed to all investors. In 1940, the SEC called on MFs to serve in "the useful role of 

representatives of the great number of inarticulate and ineffective individual investors in 

industrial corporations in which investment companies are also interested." With $13 

trillion in assets, the U.S. MF industry remains the largest in the world in its kind, 

accounting for 49 percent of the $26.8 trillion in MF assets worldwide at year-end 2012 

(ICI, 2013). At end-year 2012, equity fund assets made up 45 percent of the U.S. MF 

total assets and domestic equity funds (those that invest primarily in shares of U.S. 

corporations) held 33 percent of total industry assets. To compare, total assets of all 

U.S. commercial banks at the same point in time summed up to $13.4 trillion.45 

Despite the prevalence of actively managed funds (AMFs), passively managed funds 

(PMFs), also called index funds, remain popular with investors: As of year-end 2012, 373 

index funds managed total net assets of $1.3 trillion and of households that owned MFs, 

33 percent owned at least one PMF.  Similar to the funds of funds, demand for index 

funds remained strong in 2012, with investors adding $59 billion in net new cash flow to 

                                                
45 http://www.fdic.gov  
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these funds (ICI, 2013).46 PMFs can also be used as a measuring tape for volatility 

because they meet basic requirements of a benchmark (Wermers, 2011). To distinguish 

between the volatility patterns of returns produced by active and passive managers, we 

separate all MFs into AMFs and PMFs. 

The sample used in this study draws from the CRSP survivorship bias-free MF 

database. Using bias-free data is critical because the differences in the risk and 

performance between surviving and non-surviving funds are well documented. For 

example, the returns of surviving funds are especially sensitive to market volatility while 

the returns of non-survivors are not (Busse, 1999). 

Following the literature, we limit the sample to domestic equity funds. Berk and Van 

Binsbergen (2015) show that MFs that invest internationally add more value. 

Theoretically, including such funds also makes it more difficult to specify an accurate 

factor model. For example, in our model we include a financial crisis dummy for 

domestic market that does not coincide with the crisis dummy for other global financial 

markets. In our sample, we include all domestic equity open-ended MFs identified by 

CRSP style objective codes. CRSP maps Strategic Insights, Wiesenberger, and Lipper 

objective codes into a continuous series, providing continuity in the objective measure. 

Early MF studies have used annual or quarterly return data (e.g. Jensen, 1968). Since 

1980s, most studies have used monthly data (Fama and French, 2010). There are no 

theoretical reasons for the properties of volatility of the monthly and daily returns to be 

the same. Nelson (1991) argues that as the frequency at which data are sampled becomes 

lower, persistence is smaller. Glosten et al. (1993) also find little evidence to support 

                                                
46 http://www.ici.org  
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persistence in the conditional volatility of the monthly excess return on stocks. The 

skewness properties differ with the return interval as daily returns are left skewed while 

annual or multi-year returns are right-skewed (Fogler and Radcliffe, 1974). 

Although our results for daily data cannot be extrapolated to monthly or yearly 

returns, they give an appropriate description of the time series properties of MF returns. It 

is notable that, in an effort to alter risk characteristics of their portfolios, most MF 

managers manage the mix and the turnover of the AUM on a daily basis. In 2011, the 

average asset-weighted annual turnover rate experienced by equity fund investors was 52 

percent (ICI, 2012). We, therefore, use daily data that contains precise information of 

daily changes in AUM reflecting daily transactions by active management. 47  Daily 

returns data are available from September 2, 1998. Accordingly, the portfolios we 

construct span the time period from September 2, 1998 to December 31, 2013. 

MFs should be analyzed at the portfolio level that properly reflects investment styles 

(Chan et al., 2002). On March 31, 2001, the SEC made effective the rule 35d-1 under the 

Investment Company Act of 1940, in order to address certain broad categories of 

investment company names that are likely to mislead investors about an investment 

company's investments and risks. The rule requires a registered investment company with 

a name suggesting that the company focuses on a particular type of investment to invest 

at least 80% of its assets in the type of investment suggested by its name. 

We create one portfolio for all domestic-equity PMFs based on 2,622 Index MF 

shares. PMFs utilize indexes as the primary filter for the purchase and sale of securities. 
                                                
47 Turnover is a measure of the fund's trading activity.  It is computed by taking the lesser 
of purchases or sales (excluding all securities with maturities of less than one year) and  
dividing by average monthly net assets. Source: 
http://www.ici.org/pdf/2012_factbook.pdf 
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This is accomplished by investing in the components of publicly recognized securities 

market index in an attempt to match its performance. The remaining MFs are non-index 

(actively managed) funds. We aggregate the AMFs first into a portfolio (based on returns 

of 23,733 MF shares) and subsequently we split it into seven sub-portfolios for the 

following investment styles: Capitalization, Sector, Growth and Income, Growth, 

Hedged, Income, and Dedicated Short Bias. Investment styles (also called objective 

codes) are explained in detail in Table 3.1. 

Table 3.1 Style Codes 
 
The CRSP US Survivor-Bias-Free Mutual Funds database includes style and objective 
codes from Wiesenberger Objective, Strategic Insight Objective, and Lipper Objective 
codes. No single source exists for its full-time range. The Style Code builds continuity 
within the database by using the three aforementioned codes as its base and provides 
consistency with those codes provided by our different sources. All reported Mutual 
Funds are Domestic Equity Mutual Funds. 
 
Style   Definition 
(1)   (2) 
    
PMF  

 

All Passively Managed Mutual Funds (PMF). They include 
passively managed (index funds) that utilize indexes as the 
primary filter for the purchase and sale of securities. 

AMF  

 

All Actively Managed Mutual Funds (AMF). They include 
actively managed (non-index funds) that do not utilize indexes as 
the primary filter for the purchase and sale of securities. 

SMF  

 

Sector Mutual Funds (SMF). They include funds specializing in 
specific industry sectors such as technology, commodities, 
telecom and others. 

CMF  
 

Capitalization Mutual Funds (CMF). They include funds 
investing in large, mid, small, and micro capitalization stocks. 

GIMF  
 

Growth & Income Mutual Funds (GIMF). They include funds 
that invest in growth and income stocks. 

GMF  
 

Growth Mutual Funds (GMF). They include funds that invest in 
growth stocks. 

HMF  

 

Hedged Mutual Funds (HMF). They include funds that follow 
long/short, absolute return, equity leverage, and equity market 
neutral strategies. 

IMF  
 

Income Mutual Funds (IMF). They include funds that invest in 
income stocks. 

DMF  
 

Dedicated Short Bias Mutual Funds (DMF). They include funds 
that follow dedicated short bias strategies. 
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The styles are based on objective codes from three different sources over the life of 

the database. The Style Code builds continuity within the database by using the three 

aforementioned codes as its base and provides consistency with those codes provided by 

different sources. 

Capitalization MFs combine stock selection to invest in a diversified portfolio of U.S. 

equities based on company’s capitalization (size), with a target net exposure of 100% 

long. Sector Mutual Funds include MFs specializing in specific industry sectors such as 

technology, commodities, telecom and others. Growth & Income Mutual Funds invest in 

growth and income stocks. Growth Mutual Funds invest in growth stocks. Hedged 

Mutual Funds follow long-short, absolute return, equity leverage, and equity market 

neutral strategies. For example, in long-short strategy fund managers aim to purchase 

undervalued and sell overvalued stocks. In market neutral strategy, fund managers seek to 

minimize the exposure to a broad market by targeting zero market beta exposure. Income 

Mutual Funds invest in income stocks namely stocks that produce income in the form of 

dividends. Dedicated Short Bias Mutual Funds follow investment strategies that attempt 

to capture profits when the market declines. We calculate value-weighted daily returns 

for each portfolio. Our time series aggregation results in 3,858 time-series daily 

observations for each value-weighted portfolio. 

Table 3.2 contains the descriptive statistics of the net-of-expenses daily excess returns 

(over 30-day T-bill rates) of nine MF portfolios described in Table 3.1. The mean return 

statistics vary significantly across portfolios. For example, the mean daily return for 

Dedicated Short Bias MFs Stands at 0.0079 basis points, which is substantially lower 

than the mean daily return of 0.0398 basis points for Capitalization MFs. In other words, 
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the annual compounded return for Dedicated Short Bias MFs is 2.01 percent, much lower 

than the corresponding figure of 10.54 percent for Capitalization MFs. Such a high 

variability is an indication of the large differences in returns between the MF styles due 

to a potential impact from MF managers and other factors. 

Table 3.2 Summary Statistics of Daily Excess Net Returns (9/2/1998 to 12/31/2013) 
 
This table reports the summary statistics of value-weighted daily excess returns (over 30 
day T-bill rates) for all portfolios, specified in Table 3.1. Daily returns’ mean, standard 
deviation, minimum, and maximum statistics are shown in basis points. They have been 
obtained from CRSP survivorship bias-free MF database. RF is a portfolio of daily 
returns of 30-day Treasury bill rates from Ibbotson Associates database. The number of 
observations is 3858. 
 
Excess Returns on 
Portfolios: 

  Mean St. Dev. Min Max Excess 
Skewness 

Kurtosis 

   (1) (2) (3) (4) (5) (6) 
         
Passively Managed 
(PMF) 

 
 0.024 1.198 -4.957 4.919 -0.074 4.886 

Actively Managed 
(AMF) 

 
 0.026 1.074 -3.617 3.363 -0.132 3.957 

Sector  
(SMF) 

 
 0.029 1.075 -3.522 3.696 -0.220 3.334 

Capitalization 
(CMF) 

 
 0.034 1.230 -3.925 3.792 -0.124 3.487 

Growth & Income 
(GIMF) 

 
 0.023 1.032 -3.878 3.682 -0.109 4.612 

Growth  
(GMF) 

 
 0.026 1.108 -3.655 3.477 -0.134 3.858 

Hedged  
(HMF) 

 
 0.014 0.250 -1.224 1.689 -0.338 6.732 

Income 
(IMF) 

 
 0.025 0.938 -4.068 3.568 -0.184 4.877 

Dedicated Short 
Bias (DMF) 

 
 0.008 0.907 -5.177 4.231 -0.251 5.069 

Risk Free Rate (RF)   
 

 
0.009 

 
0.008 

 
0.000 

 
0.026 

 
0.462 

 
1.751 

 
According to the figures in Table 3.2, skewness statistics are negative for all the 

portfolios. Presence of negative skewness is an indication of the asymmetry of the MF 

returns distribution around its mean (a longer tail on the left side of the probability 

density function), namely that the probability of occurrence of large negative returns is 
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greater than that of positive returns. Negative skewness is undesirable for both investors 

and the overall financial system because of its contribution to the systemic risk. Thus, 

investors in these MFs need to be compensated with larger average returns for the large 

and/or more frequent losses they are likely to incur in market downturns. 

The excess kurtosis values for all MFs are positive (kurtosis is higher than 3 for all 

the styles), indicating that MFs return distribution is leptokurtic. Higher kurtosis means 

more of the observations are clustered around the mean and there is a higher probability 

of extreme deviations from the mean. For investors, the excess kurtosis is also an 

undesirable feature because return distribution has long tails and extreme values on both 

sides of the mean. Therefore, investors in these MFs expect to be compensated with a 

greater premium for bearing the risk related to excess kurtosis. 

High kurtosis values are also undesirable because of their contribution to systemic 

risk, which cannot be diversified away by increasing the number of the stocks in a 

portfolio (Gibbons et al., 1989). We find that the value of kurtosis varies from 3.33 for 

Sector MFs, to 6.73 for Hedged MFs, demonstrating a rather narrow range. To compare, 

the range of excess kurtosis for hedge funds is found to vary from 0.21 to 165.68 in the 

literature (Elyasiani and Mansur, 2013). 

Table 3.3 shows significant and positive correlations between returns of most MF 

styles considered. The sign of the correlation is negative only between the returns of 

Hedged and Dedicated Short Bias MFs, an indication of the difference in the two 

portfolios’ investment objectives. To be specific, while Hedged MFs are constructed to 

protect against declining market returns, Dedicated Short Bias MFs are constructed to 

benefit from declining stock markets. 
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Table 3.3 Correlations between Excess Net Returns of Different Portfolios (9/2/1998 
to 12/31/2013) 
 
The table shows the correlations between the return variables for the portfolios of MFs 
defined in Table 3.1. The sample is based on 3858 daily observations. All correlations 
(with the exception of the ones with RF variable) are statistically significant at the 1 
percent level after Bonferroni adjustment. ♣

 indicates statistical significance at the 1% 
level 
 
 PMF AMF SMF CMF GIMF GMF HMF IMF DMF RF 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
 
PMF    

 
 

    
 

AMF 0.99♣          
SMF 0.92♣ 0.94♣         
CMF 0.94♣ 0.97♣ 0.94♣        
GIMF 0.99♣ 0.99♣ 0.91♣ 0.93♣       
GMF 0.98♣ 0.99♣ 0.94♣ 0.97♣ 0.98♣      
HMF 0.68♣ 0.71♣ 0.69♣ 0.69♣ 0.71♣ 0.70♣     
IMF 0.95♣ 0.98♣ 0.95♣ 0.87♣ 0.98♣ 0.93♣ 0.72♣    
DMF 0.13♣ 0.15♣ 0.17♣ 0.16♣ 0.10♣ 0.17♣ -0.03♣ 0.07♣   
RF -0.02 -0.02 -0.01 -0.02 -0.02 -0.02 -0.03 -0.01 -0.01  
 
 

3.4.2 Crisis and Clustering of Volatility 

Hypothesis H1 purporting that the financial crisis of 2007-2009 did not have an 

impact on the conditional volatility of returns of the MF portfolios considered is rejected 

for the portfolios whose crisis dummy coefficient 𝜃+ is significant. Specifically, Panel B 

of Table 3.4 shows that the crisis has a negative coefficient (𝜃+ < 0) for PMFs implying a 

negative impact on conditional volatility during the crisis. The decline in volatility during 

the crisis may have occurred because of the freeze in the financial markets. 

The freeze in the markets is the collapsing volume and the lack of transactions in 

historically liquid markets. An example of the freeze during the 2007-2009 crisis was the 

collapse in the trading volume because of the difficulties in valuing certain assets such as 

mortgage backed securities. Neither buyers nor sellers knew the quality of many types of 
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the underlying assets. As MF managers did not know how to quantify risk they could not 

value assets properly. Accordingly, MF managers were reluctant to sell assets at 

potentially undervalued prices. 

Another potential reason is that Assets Under Management (AUM) are usually 

managed by large PMFs with exceptional reputation (such as Vanguard Total Stock 

Market Index Fund or Vanguard 500 Index Fund) and are, therefore, more resistant to 

panic that increases outflows and volatility. The finding has a practical value for investors 

who could defend their portfolios from high volatility during the crisis by investing with 

PMFs instead of AMFs. 

On the contrary, if investors invested in a portfolio of AMFs, e.g., Growth MFs, or 

Income MFs, their portfolios’ volatility would have gone up during the financial crisis 

because the coefficients of the crisis dummy are positive and significant for these MFs 

(𝜃+ > 0), as shown in Panels B in Table 3.4, Table 3.5, and Table 3.6. The increase in 

volatility is likely to have been caused by the unfavorable economic conditions and the 

inability of respective MF styles to reduce their impact on volatility. For the other 

Actively Managed MF styles, the crisis had no influence on the volatility (no intercept 

shift). 

The presence of volatility clustering, or the size effect, indicates that larger shocks 

lead to greater increases in volatility, compared to smaller shocks, regardless of the sign 

of the shock. In other words, large (small) changes in MF return volatility will be 

followed by other large (small) changes in MF return volatility in subsequent periods. 

The magnitude of clustering is measured by the term 𝑧5 − E 𝑧5  or the deviation 

between the actual and the expected values of volatility, in other words, the size of the  



103 
 

Table 3.4 Estimation of Mutual Fund Excess Net Returns for Actively Managed 
(AMF), Passively Managed (PMF), Sector (SMF) portfolios; EGARCH Model 
(9/2/1998 to 12/31/2013) 
 
The table reports the results of the time-series regressions based on multifactor EGARCH 
(1, 1) model. The dependent variables in the first, second, and third columns are daily 
excess returns (over 30-day T-bills) of actively managed MFs (AMFs), passively 
managed MFs (PMF), and sector MFs (SMF) respectively. Daily risk factors HML, 
SMB, and MOM have been downloaded from Ken French’s website. Estimations are 
conducted using STATA Egarch command that fits EGARCH models by using 
conditional maximum likelihood. The number of observations is 3858. The numbers in 
parentheses are t-statistics. *, ** and *** indicate statistical significance at the 10%, 5% 
and 1% level, respectively. 
 
  AMF PMF SMF 
  (1) (2) (3) 
     
PANEL A – RETURN MODEL 
MRP (Market Risk) 	𝛽( 0.939*** 1.000*** 0.885*** 
  (538.2) (743.0) (157.5) 
Co-Skewness 𝛽+ -0.313*** -0.0599 -1.257*** 
  (-5.971) (-1.364) (-7.824) 
Co-Kurtosis 𝛽. -97.89*** -23.25*** -100.0*** 
  (-72.35) (-14.51) (-31.66) 
HML (High Minus Low) 𝛽1 0.0393*** 0.0114*** 0.0884*** 
  (13.65) (5.681) (9.430) 
SMB (Small Minus Big) 𝛽� 0.0483*** 0.0081*** 0.180*** 
  (17.38) (4.128) (20.17) 
MOM (Momentum) 𝛽± 0.0128*** -0.0005 0.0556*** 
  (6.685) (-0.394) (9.104) 
Crisis Dummy 𝜃( 0.0001 0.00001** 0.0003 
  (1.395) (2.355) (1.096) 
CONSTANT 𝛼% 0.0002 0.0001 0.00017*** 
  ((1.424) (-0.611) (3.322) 
     
PANEL B – VOLATILITY EQUATION 
Asymmetric Effect 𝛾 -0.0148* 0.0237*** 0.0009 
  (-1.760) (4.939) (0.143) 
Volatility Cluster 𝛼 0.127*** 0.105*** 0.101*** 

  (8.976) (16.37) (8.205) 
GARCH effect 𝛽 0.983*** 0.989*** 0.992*** 
  (240.1) (629.1) (374.9) 
Crisis Dummy 𝜃+ 0.0223*** -0.0119** 0.0080 
  (2.685) (-1.998) (1.594) 
Constant 	𝛼+ -.00001*** -0.147*** -0.0886*** 
  (7.832) (-6.674) (-2.923) 
Dickey-Fuller Test  -17.347*** -15.508*** -16.648*** 
Akaike Information Criterion  -41911 -43749 -32685 
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surprise in volatility. The coefficient 𝛼 in equation (3), pertaining to the size effect, is 

positive and significant in all portfolios, as shown in Panels B of Table 3.4, Table 3.5, 

and Table 3.6, indicating that a significant level of clustering is present. The highest 

value of 𝛼 (0.237) and lowest value of 𝛼 (0.101) correspond to Dedicated Short Bias and 

Sector MFs, respectively. Our findings show that all MF styles are subject to clustering 

tendencies and we reject Hypothesis H2. 

The aggregate portfolio of AMFs has the (𝛼) value of 0.127 while the aggregate 

portfolio of PMFs has the	(𝛼) value at 0.105. Notably, the size effect is higher for the 

former portfolio indicating that the clustering is more pronounced for AMFs. This 

suggests that the extent of active management is associated with the magnitude of the 

clustering effect. Most likely, active managers magnify cluster patterns (e.g. by 

frequently rebalancing the portfolio to change its composition or investing in small stocks 

that are more volatile). Accordingly, shocks to the AMFs will heighten their volatility to 

a greater extent and if volatility spills over to other styles, the whole financial system will 

be affected to a greater extent. Consequently, by choosing to invest with the AMFs, 

investors are exposed to a higher risk related to the clustering effect. 

 

3.4.3 Persistence of Volatility 

Persistence of volatility, measured by the GARCH parameter 𝛽  is significant 

across all MF styles, rejecting Hypothesis H3 purporting the lack of persistence in shocks 

(No GARCH effect). Panels B of Table 3.4, Table 3.5, and Table 3.6 show the GARCH 

coefficient (𝛽)  to be positive and less than the unit value for all the disaggregated 

models, indicating that the necessary stationarity condition is met for all styles and  
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Table 3.5 Estimation of Mutual Fund Excess Net Returns for the portfolios of 
Capitalization (CMF), Growth (GMF), Growth & Income (GIMF) portfolios; 
EGARCH Model (9/2/1998 to 12/31/2013) 

The table reports the results of the time-series regressions based on multifactor EGARCH 
(1, 1) model. The dependent variables in the columns are daily excess returns (over 30-
day T-bills) of Capitalization MFs (CMF), Growth MFs (GMF), and Growth and Income 
MFs (GIMF) respectively. Estimations are conducted using STATA egarch command 
that fits EGARCH models by using conditional maximum likelihood. The number of 
observations is 3858. The numbers in parentheses are t-statistics. *, ** and *** indicate 
statistical significance at the 10%, 5% and 1% level, respectively. 
 
  CMF GMF GIMF 
  (1) (2) (3) 
     
PANEL A – RETURN MODEL 
MRP (Market Risk) 	𝛽( 1.012*** 0.968*** 0.895*** 
  (414.5) (429.6) (694.9) 
Co-Skewness 𝛽+ -0.343*** -0.388*** 0.0464 
  (-4.525) (-5.734) (1.198) 
Co-Kurtosis 𝛽. -104.2*** -103.6*** -70.99*** 
  (-53.22) (-67.09) (-85.64) 
HML (High Minus Low) 𝛽1 0.0731*** -0.0115*** 0.0790*** 
  (16.79) (-3.085) (31.67) 
SMB (Small Minus Big) 𝛽� 0.429*** 0.0528*** -0.0898*** 
  (110.9) (14.24) (-39.41) 
MOM (Momentum) 𝛽± 0.0288*** 0.0218*** 0.000429 
  (10.47) (8.752) (0.276) 
Crisis Dummy 𝜃( 0.0001 0.0002 -0.0001 
  (0.702) (1.474) (-0.995) 
CONSTANT 𝛼% 0.0001 0.0001 -0.0001 
  (1.390) (1.363) (-0.817) 
     
PANEL B – VOLATILITY EQUATION 
Asymmetric Effect 𝛾 -0.0175** -0.00736 -0.0122 
  (-2.094) (-0.976) (-1.533) 
Volatility Cluster 𝛼 0.149*** 0.108*** 0.129*** 
  (10.81) (8.441) (9.802) 
GARCH effect 𝛽 0.995*** 0.990*** 0.995*** 
  (599.4) (336.4) (567.2) 
Crisis Dummy 𝜃+ 0.00558 0.0127** 0.00471 
  (0.916) (1.967) (0.926) 
Constant 	𝛼+ -0.0660*** -0.133*** -0.0716*** 
  (-3.053) (-3.417) (-2.898) 
Dickey-Fuller Test  -15.739*** -15.508*** -17.347*** 
Akaike Information 
Criterion 

 -38965 -39820 -43401 
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Table 3.6 Estimation of Mutual Fund Excess Net Returns for Hedged (HMF), 
Income (IMF), Dedicated Short Bias (DMF) portfolios; EGARCH Model (9/2/1998 
to 12/31/2013) 
 
The table reports the results of the time-series regressions based on multifactor EGARCH 
(1, 1) model. The dependent variables in the columns are daily excess returns (over 30-
day T-bills) of Hedged MFs (HMF), Income MFs (IMF), and Dedicated Short Bias MFs 
(DMF) respectively. Daily returns for the MF portfolios have been obtained from CRSP 
survivorship bias-free MF database. Daily risk factors have been downloaded from Ken 
French’s website. Estimations are conducted using STATA egarch command that fits 
EGARCH models by using conditional maximum likelihood. The number of 
observations is 3858. The numbers in parentheses are t-statistics. *, ** and *** indicate 
statistical significance at the 10%, 5% and 1% level, respectively. 
 
  HMF IMF DMF 
  (1) (2) (3) 
     
PANEL A – RETURN MODEL 
MRP (Market Risk) 	𝛽( 0.191*** 0.817*** 0.0049 
  (94.81) (317.2) (0.460) 
Co-Skewness 𝛽+ -0.303*** -0.0862 -0.958*** 
  (-5.986) (-1.107) (-3.678) 
Co-Kurtosis 𝛽. -24.58*** -65.86*** -31.22*** 
  (-18.73) (-39.84) (-7.784) 
HML (High Minus Low) 𝛽1 0.0895*** 0.197*** -0.508*** 
  (26.79) (40.38) (-29.90) 
SMB (Small Minus Big) 𝛽� 0.0178*** -0.108*** -0.0388** 
  (5.256) (-24.27) (-2.188) 
MOM (Momentum) 𝛽± 0.0133*** -0.00222 -0.0478*** 
  (5.816) (-0.714) (-4.188) 
Crisis Dummy 𝜃( 0.0001 -0.0002 0.0001 
  (0.652) (-1.227) (0.269) 
CONSTANT 𝛼% 0.0001*** 0.0001** 0.0003** 
  (7.525) (2.217) (2.404) 
     
PANEL B – VOLATILITY EQUATION 
Asymmetric Effect 𝛾 -0.00547 -0.0198** -0.0233** 
  (-0.619) (-2.304) (-2.052) 
Volatility Cluster 𝛼 0.151*** 0.161*** 0.237*** 
  (10.16) (11.94) (11.83) 
GARCH effect 𝛽 0.993*** 0.993*** 0.977*** 
  (456.7) (475.7) (180.4) 
Crisis Dummy 𝜃+ 0.00584 0.0129** -0.00353 
  (0.847) (2.133) (-0.336) 
Constant 	𝛼+ -0.0855*** -0.0787*** -0.215*** 
  (-2.923) (-2.948) (-4.048) 
Dickey-Fuller Test  -16.648*** -15.739*** -19.935*** 
Akaike Information 
Criterion 

 -40179 -38015 -26900 

 



107 
 

volatility is not explosive in character. For PMFs, the strength of volatility persistence 

(𝛽) stands at 0.989 meaning that 98.9 percent of the volatility shock carries over to the 

next day. This indicates that even after 30 days, 72 percent (0.989	.%) and after 60 days 

51 percent (0.989	±%) of the shock will be sustained. The enduring nature of the shocks 

for the PMFs is an indication that shocks to market indexes continue to influence their 

riskiness over a good length of time. 

The GARCH parameter 𝛽 can be used as an input to calculate the Half Life of Shocks 

in terms of days (HLS) using the formula Ln (0.5)/Ln(𝛽). 48 The HLS measures the time 

it takes for volatility to revert halfway back towards its unconditional variance after it 

receives a shock (Engle and Bollerslev, 1986). Remarkably, we observe large differences 

in the HLS for various MF styles. Such variability in the HLS speaks in favor of refining 

the MFs by style portfolios to study the style-specific volatility properties, rather than 

combining them into aggregate portfolios. The differences in HLS are most likely driven 

by differences in strategies that can be identified by the names of MF styles. For 

example, Dedicated Short Bias Mutual Funds (DMF) follow dedicated short bias 

strategies and limit the influence of the negative shocks that are normally associated with 

the amplified volatility. 

HLS values for all MFs are displayed in Colum 2 of Table 3.7. HLS is the highest, 

138 days, for the portfolio of Capitalization MFs and Growth and Income MFs and the 

lowest, 30 days, for the portfolio of Dedicated Short Bias MFs. This indicates that for the 

former MF portfolio, after a shock occurs, it will take 138 days for the volatility to move 

                                                
48 See, Nelson (1991) for a discussion on half-life volatility shock within EGARCH 
framework. 
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halfway back towards its unconditional variance, a slow adjustment process, while for the 

latter this period is only 30 days. The HLS found here for MFs are lower than HLS in the 

equity portfolios found by Bollerslev et al. (1992) who indicate HLS ranging from 180 to 

360 days. Note, however, that Schwert (1990) report a markedly lower persistence after 

the October 1987 crash when the stock volatility returned to pre-crash levels by early 

1988.  

Our results support the latter findings because our sample is based on most recent 

data including the financial crisis of 2007-2009 and is subject to greater volatility and 

greater shocks. Our finding of the fact that the aggregate and disaggregated results differ 

substantially is an indication of the importance of disaggregation of the portfolios. 

Aggregate results and inferences may be highly unreliable. 

 

3.4.4 Asymmetry of Response to Return Shocks 

 To our knowledge, we are the first to investigate the asymmetry of the effects of 

positive and negative return shocks on volatility for various MF styles. The results are 

reported in Panels B of Table 3.4, Table 3.5, and Table 3.6. The coefficient 𝛾 in the 

model is an indicator of asymmetry and it is significant for several MF styles including 

Actively Managed, Passively Managed, Capitalization, Income, and Dedicated Short 

Bias, rejecting Hypothesis H4 purporting symmetry of effects. The 𝛾  coefficient is 

insignificant for the remaining portfolios; namely Sector, Growth and Income, Growth, 

and Hedged MFs. Panel B of Table 3.4 shows the asymmetry coefficient to be negative 

for AMFs (𝛾 = -0.015) indicating that for the latter portfolio bad news increases MF 

volatility more than good news. In other words, volatility in AMFs tends to rise to a 
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greater extent when return surprises are negative (bad news), than when they are positive 

(good news). Negative asymmetry is consistent with findings in the literature on equity, 

which usually attributes it to the so-called financial leverage effect (Black, 1976). 

As discussed earlier, the intensity of asymmetry can be calculated as (|-1+	𝛾 |)/(1+	𝛾). 

Table 3.7 shows that for the AMF portfolio, this measure equals 1.03 indicating that a 

negative shock to its returns will increase its volatility by 3 percent more than a positive 

innovation of the same magnitude. For Capitalization MFs, Income MFs, and Dedicated 

Short Bias MFs this measure equals 1.04, 1.04, and 1.05 respectively. An interesting 

finding is that the asymmetry coefficient is positive for PMFs (𝛾 = 0.024) indicating that 

volatility increases more by positive return shocks than by negative innovations of the 

same magnitude. Table 3.7 shows that intensity of asymmetry measure for PMFs is 0.95, 

indicating that a negative shock to returns will increase volatility by 5 percent less than a 

positive innovation of the same magnitude. By allocating funds with PMFs instead of 

AMFs, investors are more protected from the increase in volatility triggered by negative 

shocks. 

The negative relationship between return shocks and volatility changes can be 

explained by various theories as outlined in the literature review. The first explanation 

focuses on financial and operational leverage effects. The fact that PMFs do not have 

negative asymmetry leads us to believe that neither financial nor operational leverage 

effects are the underlying reason behind the negative asymmetry for AMFs from our 

sample of US equity MFs. Negative asymmetry can, therefore, be attributed to economic 

leverage in actively managed portfolios. MF managers might invest into riskier securities 

and/or use derivatives to increase the volatility of the actively managed portfolio. 
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Table 3.7 Strength of Asymmetry and Half-life of Shock 
 
The table reports the results of estimating the strength of asymmetry and half-life of 
shock based on multifactor EGARCH (1, 1) model reported in Tables 3.4, 3.5, and 3.6. 
Daily returns for the MF portfolios are covering the period from September 2 1998 to 
December 31 2013. Portfolios of MF styles are defined in Table 3.1. Coefficients 𝛾 is 
volatility asymmetry coefficient and coefficient 𝛽  is volatility persistence coefficient. 
Coefficients 𝛾 and 𝛽 are reported in Table 3.4 and Table 3.5 for respective portfolios. 
Strength of asymmetry is calculated using the following formula: (|-1+	𝛾 |)/(1+	𝛾). Half-
life of shock is measured in days and calculated using the formula: Ln (0.5)/Ln(𝛽). 
 
 Strength of asymmetry Half-life of shock in days 

 (1) (2) 
 

   
AMF 1.0301 40 
PMF 0.9537 63 
SMF - 86 
CMF 1.0356 138 
GIMF - 138 
GMF - 69 
HMF - 99 
IMF 1.0404 99 
DMF 1.0477 30 
   
 

     As discussed in the literature review, asymmetry can be partially attributed to the 

usage of derivatives by MFs. As the economic equivalent of leverage, derivatives convey 

the right to a gain or a loss on an amount that exceeds the fund’s investment. At 1.05, 

Dedicated Short Bias MFs that use derivatives extensively, have the largest strength of 

asymmetry among all MFs, indicating that a negative shock to returns will increase 

volatility by 5 percent more than a positive innovation of the same magnitude. 

Negative asymmetry found for AMFs is undesirable to risk-averse investors since the 

future values of more volatile assets span over a wider range in case of negative shocks 

than in case of positive shocks. To elaborate, if investors need to meet a financial goal in 

the near-term, they cannot afford the risk of investing in an MF with volatile returns. If 

the market declines they may not have enough time to recover from the associated losses. 
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3.5 Conclusion 

We test a host of hypotheses related to return volatility of MFs with different style 

objectives. Specifically, we examine volatility patterns across the following investment 

styles: Passively Managed, Actively Managed, Sector, Capitalization, Growth and 

Income, Income, Growth, Hedged, and Dedicated Short Bias. To conduct our tests, we 

employ the EGARCH (1, 1) model on daily returns of domestic equity MFs covering the 

period from September 1998 to December 2013. 

We discover substantial asymmetry, clustering, and shock persistence effects in MF 

volatility, offering strong evidence in favor of the EGARCH (1, 1) specification of 

volatility. Fitting MF volatility into a correctly specified model aids in predicting 

volatility level that can benefit MF managers, regulators, and most importantly, investors. 

The results are robust across different MF styles. We find evidence of significant 

volatility clustering, or size effect across all MF portfolios, demonstrating that larger 

shocks lead to greater increases in volatility, regardless of the sign of shocks. 

Notably, clustering is more pronounced for AMFs than for PMFs. Consequently, by 

choosing to invest with the AMFs, investors are exposed to a higher risk related to the 

clustering effect. Knowledge of clustering helps predict volatility levels in the future for 

MF managers and regulators. 

Another finding points to shock persistence (GARCH effect) as exhibited by the 

significance of the GARCH parameter 𝛽 in the volatility equation of the model. Based 

on the values of this parameter, depending on the MF style, it takes from 30 to 138 days 

for volatility to revert halfway back towards its unconditional variance after it receives a 

shock. Such variability in half-life of shock (HLS) speaks in favor of refining MF 
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portfolios by style to study their volatility properties at the disaggregated level. Given a 

shorter persistence of shocks for some types of AMFs, investors can limit the exposure to 

long lasting shocks by investing in these MFs. At the same time, the effect of a shock can 

last for approximately the same length of time for different styles (e.g. Growth and 

Income MFs and Capitalization MFs have HLS of 138 days), resulting in volatility rising 

and then falling for those MFs simultaneously. These similarities accentuate the effect of 

shocks and can lead to greater systemic risk, calling for regulatory attention. 

We find that some AMFs display negative asymmetry in the sense that negative 

shocks increase volatility more than positive shocks of equal magnitude and this property 

is not caused by the equity market dynamics as proposed in the equity literature because 

asymmetry is positive for the PMFs that invest in the same type of underlying assets. We 

attribute this finding to the skills of active managers, who use economic leverage and 

portfolio rebalancing to increase the risk exposure of the fund portfolios to bad news. The 

results on asymmetry are especially interesting because they differ economically across 

different types of MFs reflecting the differences in investment styles. 

Asymmetry is negative and significant for the following investment styles: Income, 

Dedicated Short Bias, Actively Managed, Passively Managed, and Capitalization MFs. 

Differences in the asymmetry confirm the previous findings for stock market that 

asymmetry always prevails at the market level while it is limited for industry portfolios 

(Braun et al., 1995). In addition to market level asymmetry, we have shown that 

asymmetry holds also at portfolio level. This is a new and important result. If asymmetry 

exists and is not incorporated in portfolio decisions, investors will be omitting important 
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information about the impact of bad news. Accounting for asymmetry also has another 

significant practical value as it improves the forecasting of volatility. 

While testing multifactor EGARCH (1, 1) specification is valuable for forecasting, it 

does not satisfy our need to ultimately explain the causes of volatility changes. Thus far, 

attempts to find the ultimate causes of volatility in equity returns in general, and MF 

returns in particular, have not produced satisfactory results. The identification of the 

sources of the aforementioned effects makes it a challenging area for future studies. 
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APPENDIX A 
 

BIVARIATE CCC-GARCH (1, 1) FOUR-FACTOR MODEL OF EXCESS GROSS 
RETURNS OF PORTFOLIOS OF AREMFS AND REITS FOR CHAPTER 1 

 
The table reports the results of the time-series regressions based on the four-factor 
bivariate GARCH (1, 1) model with constant conditional correlations (CCC). The 
dependent variable in column 1 is value-weighted excess daily returns (over 30-day T-
bills) of large AREMFs portfolio. The dependent variable in columns 2 and 4 is excess 
daily returns (over 30-day T-bills) of a value-weighted index of all REITs, obtained from 
Ziman Real Estate Data Series. The dependent variable in column 3 is value-weighted 
excess daily returns (over 30-day T-bills) of small AREMFs portfolio. MRP is the daily 
excess return on market portfolio. HML is the daily return on the high-minus-low book-
to-market portfolio. SMB is the daily return on the small-minus-big portfolio. MOM is 
the daily return on the up-minus-down momentum portfolio. The sum of the ARCH and 
GARCH parameters (π + γ) provides a measure of the persistence of shocks to the mean 
return of each portfolio. Estimations are conducted using STATA mgarch command that 
fits models by using conditional maximum likelihood. Number of observations is 3858. 
The numbers in parentheses are t-statistics. *, ** and *** indicate statistical significance 
at the 10%, 5% and 1% level, respectively. 
 
  Large AREMFs   All REITs Small AREMFs  All REITs 

  (1)  (2)  (3)  (4) 
PANEL A – RETURN MODEL     
         
MRP 	𝛽(( 0.630*** 	𝛽+( 0.665*** 	𝛽(( 0.631*** 	𝛽+( 0.671*** 
  (60.62)  (58.14)  (56.69)  (56.99) 
HML 𝛽(+ 0.556*** 𝛽++ 0.609*** 𝛽(+ 0.593*** 𝛽++ 0.633*** 
  (32.10)  (31.33)  (33.78)  (32.87) 
SMB 𝛽(. 0.284*** 𝛽+. 0.355*** 𝛽(. 0.324*** 𝛽+. 0.370*** 
  (16.43)  (18.69)  (17.97)  (18.95) 
MOM 𝛽(1 0.0134 𝛽+1 -0.00212 𝛽(1 0.00544 𝛽+1 -0.00740 
  (1.214)  (-0.176)  (0.476)  (-0.597) 
Constant 𝛽(% 7.17e-05***   𝛽(% 6.32e-05***   
  (2.748) 	   (2.870)   
         
PANEL B – VOLATILITY EQUATION     
ARCH 𝑧(( 0.0572*** 𝑧+( 0.0604*** 𝑧(( 0.0549***  0.0568*** 
  (12.45)  (12.72)  (12.87)  (12.95) 
GARCH 𝜈(( 0.931*** 𝜈+( 0.929*** 𝜈(( 0.928***  0.927*** 
  (170.6)  (171.5)  (169.6)  (168.2) 
Constant 	𝜈(% 6.36e-07*** 	𝜈+% 7.30e-07*** 	𝜈(% 8.88e-07***  1.01e-06*** 
  (6.847)  (6.904)  (8.065)  (7.974) 
ARCH+ 
GARCH 

𝑧((+
𝜈(( 

0.986  0.989 𝑧((+
𝜈(( 

0.982  0.983 

Correlation 
between 
standardized 
residuals 

𝜌 0.966*** 
(866.1) 

  𝜌 0.977*** 
(1,327) 
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APPENDIX B 
 

BIVARIATE DCC-GARCH (1, 1) FOUR-FACTOR MODEL OF EXCESS GROSS 
RETURNS OF PORTFOLIOS OF AREMFS AND REITS FOR CHAPTER 1 

 
The table reports the results of the time-series regressions based on the four-factor 
bivariate GARCH (1, 1) model with dynamic conditional correlations (DCC). The 
dependent variable in column 1 is value-weighted excess daily returns (over 30-day T-
bills) of large AREMFs portfolio. The dependent variable in columns 2 and 4 is excess 
daily returns (over 30-day T-bills) of a value-weighted index of all REITs, obtained from 
Ziman Real Estate Data Series.  The dependent variable in column 3 is a value-weighted 
portfolio of excess daily returns (over 30-day T-bills) of small AREMFs. Independent 
variables are described in Appendix A. The sum of the ARCH and GARCH parameters 
(π + γ) provides a measure of the persistence of shocks to the mean return of each 
portfolio. The DCC is governed by parameters 𝜆(  and 𝜆+  specified in equation (14). 
Number of observations is 3858. The numbers in parentheses are t-statistics. *, ** and 
*** indicate statistical significance at the 10%, 5% and 1% level, respectively. 
 
  Large AREMFs   All REITs Small AREMFs  All REITs 
  (1)  (2)  (3)  (4) 
PANEL A – RETURN MODEL     
         
MRP 	𝛽(( 0.672*** 	𝛽+( 0.724*** 	𝛽(( 0.674*** 	𝛽+( 0.736*** 
  (60.31)  (58.08)  (53.88)  (54.21) 
HML 𝛽(+ 0.627*** 𝛽++ 0.688*** 𝛽(+ 0.672*** 𝛽++ 0.729*** 
  (34.40)  (33.84)  (34.55)  (34.36) 
SMB 𝛽(. 0.331*** 𝛽+. 0.401*** 𝛽(. 0.375*** 𝛽+. 0.423*** 
  (18.52)  (20.44)  (19.91)  (20.83) 
MOM 𝛽(1 -0.0358*** 𝛽+1 -0.0490*** 𝛽(1 -0.0452*** 𝛽+1 -0.0624*** 
  (-2.860)  (-3.590)  (-3.436)  (-4.392) 
Constant 𝛽(% 0.000115***   𝛽(% 0.000104***   
  (5.585) 	   (5.809)   
         
PANEL B – VOLATILITY EQUATION     
ARCH 𝑧(( 0.0642*** 𝑧+( 0.0660*** 𝑧(( 0.0593***  0.0601*** 
  (12.41)  (12.30)  (11.74)  (11.44) 
GARCH 𝜈(( 0.927*** 𝜈+( 0.926*** 𝜈(( 0.931***  0.931*** 
  (158.3)  (157.0)  (161.9)  (156.1) 
Constant 	𝜈(% 6.25e-07*** 	𝜈+% 7.50e-07*** 	𝜈(% 6.72e-07***  7.90e-07*** 
  (5.944)  (6.161)  (6.310)  (6.355) 
 𝜆( 0.0411***   𝜆( 0.0415***   
  (9.881)    (7.023)   
 𝜆+ 0.955***   𝜆+ 0.954***   
  (212.3)    (145.4)   
ARCH+ 
GARCH 

𝑧((+
𝜈(( 

0.991  0.992 𝑧((+
𝜈(( 

0.990  0.991 

Correlation 
between 
standardized 
residuals 

𝜌 0.984*** 
(157.53) 

  𝜌 0.987*** 
(236.60) 
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APPENDIX C 

OLS FOUR-FACTOR MODEL OF EXCESS GROSS RETURNS OF 
PORTFOLIOS OF AREMFS FOR CHAPTER 1 

The table reports the results of the OLS regressions based on the four-factor model. The 
dependent variables in columns 1, 2, and 3 are excess daily returns (over 30-day T-bills) 
of AREMFs. Daily returns for the portfolios of AREMFs have been obtained from CRSP 
survivorship bias-free MF database covering the period from September 2, 1998 to 
December 31, 2013. Daily risk factors have been downloaded from Ken French’s 
website. MRP is the daily excess return on market portfolio. HML is the daily return on 
the high-minus-low book-to-market portfolio. SMB is the daily return on the small-
minus-big portfolio. MOM is the daily return on the up-minus-down momentum 
portfolio. Estimations are conducted using STATA arch command that fits ARCH 
models by using conditional maximum likelihood. Number of observations is 3858. The 
numbers in parentheses are t-statistics. *, ** and *** indicate statistical significance at 
the 10%, 5% and 1% level, respectively. 
 
  All AREMFs Large AREMFs Small AREMFs 
  (1) (2) (3) 
Panel A: Return model 
     
MRP 𝛽( 0.859*** 0.855*** 0.875*** 
  (41.44) (41.76) (40.64) 
HML 𝛽+ 0.868*** 0.858*** 0.905*** 
  (25.33) (25.39) (25.19) 
SMB 𝛽. 0.452*** 0.444*** 0.482*** 
  (11.35) (11.26) (11.70) 
UMD 𝛽1 -0.139*** -0.136*** -0.148*** 
  (-6.905) (-6.896) (-6.943) 
Constant 𝛼% 8.31e-05 8.43e-05 7.48e-05 
  (0.605) (0.620) (0.521) 
     
R-squared  0.709 0.710 0.701 
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APPENDIX D 
 

LIST OF ABBREVIATIONS FOR CHAPTER 1 
 

The table reports the abbreviations used in the article. 
 
Variable  Definition 
(1)  (2) 
   
AREMF  Actively Managed Mutual Fund 
AUM  Assets Under Management 
BHAR  Buy-and-hold Abnormal Returns 
INDEXR  Ziman Equity REIT Index Daily Returns 
MF  Mutual Fund 
PREMF  Passively Managed Mutual Fund 
REIT  Real Estate Investment Trust 
REMF  Real Estate Mutual Fund 
REOC  Real Estate Operating Company 
TNA  Total Net Assets 
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APPENDIX E 
 

VARIABLE DEFINITIONS FOR CHAPTER 2 
 

Variable Definition 
(1) (2) 
  
Net Return 
 
 

Net Monthly Return (net of fees). It is defined as MF monthly 
returns (net of fees) minus Vanguard Benchmark monthly returns 
(net of fees). 

Net Alpha 
 
 

 
Net Abnormal Monthly Return. It is defined as MF monthly 
returns (net of fees) minus Vanguard Benchmark monthly returns 
(net of fees). 

Gross Return 
 
 

 
Gross Monthly Return (gross of fees). It is defined as MF 
monthly returns (gross of fees) minus Vanguard Benchmark 
monthly returns (gross of fees). 

Gross Alpha 
 
 

 
Gross Abnormal Monthly Return. It is defined as MF monthly 
returns (gross of fees) minus Vanguard Benchmark monthly 
returns (gross of fees). 

Net Large Cap 
Alpha 
 

 
Large Cap Abnormal Monthly Return. It is calculated as the 
difference between monthly MF returns and returns of Vanguard 
Large Cap Index Fund Admiral (net of fees) 

Net Extended  
Market Alpha 
 

 
Extended Market Abnormal Monthly Return. It is calculated as 
the difference between monthly MF returns and returns of 
Extended Market Index Fund Admiral (net of fees) 

 
RF 

 
Risk Free Rate. It is a portfolio of monthly returns of 30-day 
Treasury bill rates from Ibbotson Associates database. 

 
Log_TNA 

 
Logarithm of Total Assets Under Management (in USD millions) 

  
Turnover MF turnover ratio is the minimum of the aggregate purchases and 

sales during the quarter divided by the average of the beginning- 
and end-of-quarter total portfolio value. 

  
Cash Cash position is reported by MFs to CRSP in quarterly 

statements, relative to the size of an MF. Cash is expressed as a 
percentage of total asset holdings. 

 
Log_Age 

 
Natural Logarithm of MF Age (in years) 

 
Exp_Ratio 

 
MF Expense Ratio 

 
Mgmt_Fee 

 
Management Fee Ratio 

 
12b1_Fee 

 
Actual 12b1 Fee Ratio 
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