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1 Introduction

A common implication of normative optimal portfolio models is that, as investors age, it is optimal

for them to shift their financial wealth away from stocks and toward bonds.1 This normative impli-

cation has found its way into the design of investment products: target-date mutual funds (TDFs).2

Wells Fargo introduced the first TDFs in 1994. According to Seth Harris, Deputy Secretary of the

Department of Labor (DOL), TDFs “were designed to be simple, long-term investment vehicles

for individuals with a specific retirement date in mind.”3 Investors who plan to retire in 2030,

for example, are encouraged to invest all of their 401(k) assets in the Wells Fargo LifePath 2030

fund. The innovation, relative to traditional balanced funds (BFs), is that TDFs relieve investors

of the need to make asset allocation decisions: when the target date is far away, the TDF invests

primarily in risky assets, such as domestic and foreign equity and, as the number of years to the

target date declines, the TDF automatically reduces its exposure to risk. The formula used to

determine how a TDF’s asset allocation changes as the number of years to the target date declines

is known as the “glide path.” The promise of a simple, long-term retirement investment prompted

the DOL, through the Pension Protection Act of 2006 (PPA), to allow firms to adopt TDFs as

default investment vehicles in employer-sponsored defined contribution (DC) retirement plans.

More recently, however, policy makers have begun to worry about risk-taking by TDFs.

In 2009, Herb Kohl, chairman of the Senate Special Committee on Aging, wrote: “While well-

1Merton (1971) shows that when an investor faces time-series variation in the first and second conditional moments
of asset returns, her optimal portfolio is composed of both a myopic component and an intertemporal component, the
“hedging” demand. Balduzzi and Lynch (1999) and Lynch (2001) argue that mean reversion in equity prices causes
the hedging demand for equity to decrease as the investment horizon decreases. Jagannathan and Kocherlachota
(1996) and Cocco et al. (2005) argue that older workers should allocate more of their financial wealth to bonds,
because they can expect to receive shorter streams of bond-like income from their human capital. Bodie et al. (1992)
come to the same conclusion by arguing that older workers have fewer opportunities to adjust their labor supply in
response to realized returns on their assets. One qualification comes from Benzoni et al. (2007), who note that when
labor income and dividends are co-integrated, the demand for equity over the life cycle should be hump-shaped, rather
than monotonically decreasing. Another qualification comes from Pástor and Stambaugh (2011), who argue that in
the presence of parameter uncertainty and imperfect predictability, the optimal equity allocation should depend not
only on the remaining time until retirement, but also on the initial length of the investor’s horizon.

2TDFs are also referred to as lifecycle funds.
3DOL and SEC Joint Public Hearing on TDFs and Other Similar Investment Options: June 18, 2009.
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constructed target date funds have great potential for improving retirement income security, it is

currently unclear whether investment firms are prudently designing these funds in the best interest

of the plan sponsors and their participants. In fact, an Aging Committee investigation conducted

in early 2009 found significant differences in the asset allocations and equity holdings within these

funds, raising questions about whether plan sponsors and participants understand the underlying

assumptions and risk associated with these products” (Special Committee on Aging (2009)).4

In summary, there are at least two reasons why it is important to study the market for

TDFs. First, this is a relatively new market whose size has increased markedly since the passage

of the PPA of 2006. Hence, the TDF market is a “laboratory” in which we can study how mutual

fund families structure new investment products and compete for market share. Second, TDFs are

quickly becoming the default investment option of choice in DC retirement plans. Hence, given the

increasing role of defined contribution plans in the funding of retirement, the investment behavior

of TDFs has special policy significance.

We hypothesize two reasons why realized returns and risk characteristics may differ markedly

across TDFs with the same target date. First, mutual fund families may decide to increase their risk

exposure as a way to increase market share. This is the “optimal risk-taking” hypothesis. Second,

families may exploit clientele effects in the defined contribution (DC) plan market. Namely, families

may offer TDFs with different risk profiles so that plan sponsors can choose family whose TDFs

best offset the risk from being employed in a given firm or industry, or match the overall risk

preferences of the employees covered by their DC plans. This is the “risk-matching” hypothesis.

Characterizing the heterogeneity in realized TDF returns and the risk characteristics of

returns is important because TDF investors may have thought that two TDFs with the same target

date are close substitutes. We show that this is not necessarily the case. This matters especially

4As highlighted in Tables 2–6, the heterogeneity in various aspects of TDF returns became especially apparent
during 2008–2009. In other words, the financial crisis amplified differences in TDF return properties that, as argued
in this paper, were mainly brought about by the entrance of new families after the PPA.
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for investors who access TDFs through their employer-sponsored defined contribution retirement

plan and are typically limited to the TDFs offered by a single fund family.5 Understanding the

economic determinants of the heterogeneity in returns is important because, if the heterogeneity

is driven by fund families responding to risk-taking incentives, then it is likely that this is “bad”

heterogeneity from the investor’s perspective. Alternatively, if the heterogeneity is driven by risk

matching, then it may reflect the attempt on the part of plan sponsors to compensate for the high

or low risk of employees’ human capital, or to match employees’ risk preferences with the risk of

the TDF, which we would classify as “good” heterogeneity.

We begin our empirical analysis by documenting that the dispersion in realized TDF returns

between 2000 and 2012 is substantial, especially when we focus on the years immediately after the

PPA. For example, in 2009, there are 67 TDFs with target dates of 2015 or 2020. The average annual

realized return in this sample of TDFs is 25.1%, the cross-sectional standard deviation is 4.4%, and

the range (the difference between the maximum and minimum return) is 23.5%. Importantly, a

similar pattern holds for the idiosyncratic component of realized returns, “alpha.” In 2009, the

cross-sectional standard deviation of alphas from a five-factor model for these TDFs is 3.1% and

the range is 12.9%. While the R2s of a five-factor model average 97.3% for 2015–2020 TDFs in

2009, the minimum is 84.8%, indicating substantial differences in systematic risk as well. Indeed,

within the sample of 2015–2020 TDFs in 2009, the standard deviation of the beta on U.S. equity

is 0.12, and the range is 0.64.

In summary, the substantial heterogeneity in realized TDF returns reflects heterogeneity in

both idiosyncratic and systematic risk. If regulators had assumed that TDFs with the same target

date would provide investors with the same exposure to risk, they were mistaken. While different

5Among the 8,406 plans in our BrightScope data that offer TDF mutual funds, 95.9% offer TDFs from a single
mutual fund family, 3.4% offer TDFs from two families, and 0.7% offer TDFs from three or more families. Larger
plans are slightly more likely to offer TDFs from multiple families because they are more likely to use multiple record
keepers: the correlation between plan assets and the number of families offering TDFs is 0.15.
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investors may prefer TDFs with different risk exposures, risk matching requires that investors (and

plan sponsors) are able to evaluate the level of risk. To the extent that a large portion of TDF risk

is idiosyncratic risk, the glide path becomes uninformative.

To rationalize the increased dispersion in idiosyncratic risk, we consider three incentives

related to risk-taking. First, given that TDF flows are likely driven by the choice of plan sponsors,

TDF flows are likely to respond more strongly to risk-adjusted performance than the typical retail

fund. Second, by increasing the expected market share of TDFs inside retirement plans, the PPA

increased the incentive for fund families to enter this market. Between 2006 and 2012, assets under

management in TDFs more than quadrupled, increasing from $116.0 billion to $480.2 billion, and

the number of mutual fund families offering TDFs jumped from 27 to 44, before falling back down

to 37. Third, the fact that that new entrants have few assets under management to lose adds

convexity in the flow-performance relation and, therefore, an additional incentive to engage in risk-

taking.6 These three incentives lead us to predict that the heterogeneity discussed above is mainly

driven by post-PPA entrants with low market share.

Our findings are broadly consistent with optimal risk-taking. First, we document that flows

into TDFs respond significantly to idiosyncratic returns, but not to total returns, a pattern which

is consistent with plan sponsors using risk-adjusted returns to evaluate TDFs. Second, we find that

families that enter the market for TDFs after 2006 and have low TDF market share, offer TDFs

whose returns differ markedly from their peers. The monthly returns on these new funds differ

from the average monthly return of other funds with the same target date by 90 basis points—

approximately 11% annually. Interestingly, realized alphas for these new TDFs differ from the

average alpha by substantial amounts, as much 56 basis points. We also find that entrants tend to

have more idiosyncratic risk as a fraction of total risk (as measured by the R2 of a one- or five-factor

6The risk-taking incentives faced by a new TDF are akin to the incentives faced by new funds being “incubated”
by mutual fund families; see Evans (2010).
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model) and more dispersion in the sensitivities of their returns to global bond and stock indices and

to commodities. It is worth noting that all of our tests control for the average level of risk-taking

by BFs in the same family, and that we find strongest correlations in TDF and BF behavior when

we focus on the level of systematic risk (i.e., the sensitivities to the different sector indices).

An alternative explanation for the observed heterogeneity in TDFs is the “risk-matching”

hypothesis: TDFs offer different levels of risk to cater to the heterogeneous needs and preferences

of different investor clienteles.7 To investigate this hypothesis, we exploit newly available data from

BrightScope on the investment menus of several thousand DC retirement plans in 2010. Note that

this snapshot of the DC retirement plan universe takes place after the PPA of 2006 and, hence, at

a time when plan sponsors have a large set of TDFs from which to choose. In other words, the

passage of the PPA should make it easier to detect possible risk-matching, as well as risk-taking,

effects. For firms with publicly-traded equity, we regress the systematic (idiosyncratic) risk of the

2020 TDF offered in each plan on the systematic (idiosyncratic) risk of the firm’s equity. To expand

our sample, we also regress the risk of the 2020 TDF offered in each plan on the median risk of

firms within the same industry. Regardless of whether we focus on systematic or idiosyncratic risk,

we find little evidence of risk matching. Moreover, when we include industry fixed effects to control

for differences in volatility of employment and other time-invariant differences across industries,

the R2 of our regressions remain low. We conclude that riskier firms are no more or less likely to

choose riskier TDFs than safer firms.

In summary, we document pronounced heterogeneity in investor exposure to both system-

atic and idiosyncratic risk across TDFs with the same target date. This heterogeneity increases

with the passage of the PPA in 2006, which draws new families into the TDF market. We show

that the decision of these families to load on idiosyncratic risk is consistent with optimal risk-

7Viceira (2009), for example, advocates that TDF glide paths be tailored to match the human capital risk and
risk preferences of the employees of plan sponsor firms.
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taking behavior. On the other hand, we find little evidence that the heterogeneity in systematic or

idiosyncratic risk-taking is driven by matching between TDF and sponsoring firm’s risk character-

istics. Hence, our findings support the notion that the TDF heterogeneity uncovered by this paper

is bad heterogeneity, driven by risk-taking incentives, rather than good heterogeneity, driven by

risk-matching motives. As we discuss, heterogeneity without risk matching can impose significant

utility costs on investors.

Overall, our findings have both normative and positive relevance: From a normative stand-

point, more transparency regarding TDF glide paths and systematic risk is not enough, since

entrants have differentiated their products largely in terms of idiosyncratic returns. From a pos-

itive standpoint, we provide an explanation for an apparently puzzling degree of heterogeneity in

realized TDF returns.

The remainder of the paper is organized as follows: Section 2 provides institutional back-

ground on the market for TDFs and a brief review of the related literature. Section 3 describes the

mutual fund data used in the study. Section 4 documents cross-sectional differences in annual total

and idiosyncratic returns, R2s, and betas, for TDFs with the same target date. Section 5 tests

whether the heterogeneity reflects optimal risk-taking. Section 6 describes the retirement plan-level

data and tests for risk matching. Section 7 discusses the potential costs of TDF heterogeneity to

investors. Section 8 concludes.

2 Institutional background and review of the literature

Although only four fund families offered target-date funds (TDFs) in 2000, the Pension Protection

Act of 2006 (PPA) allowed firms to offer TDFs as default investment options within 401(k) retire-

ment plans. The regulatory goal was to redirect investors from money market funds—the dominant
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default investment option—to age-appropriate, long-term investment vehicles.8 To accomplish this

goal, the PPA relieves plan sponsors of liability for market losses when they default employees

into a Qualified Default Investment Alternative (QDIA). The set of QDIAs is limited to TDFs,

BFs, and managed accounts. While TDFs were perceived to be an important innovation in the

market for retirement products, commentators have recently expressed concerns about the lack of

transparency regarding risk.9

The Investment Company Institute (ICI) reports that the share of 401(k) plans offering

TDFs increased from 57% in 2006 to 72% in 2012.10 Similarly, the share of 401(k) plan participants

offered TDFs increased from 62% to 68%. At year-end 2012, 41% of 401(k) participants held at least

some plan assets in TDFs, up from 19% at year-end 2006. According to our sample of investment

menus from BrightScope, approximately 10% of all 401(k) and 403(b) retirement plan assets in

2010 were invested in TDFs. However, ICI reports that 401(k) plan participants in their twenties

collectively allocated 34.2% of their retirement assets to TDFs in 2012. Therefore, employees just

entering the labor force appear likely to finance their retirement through a combination of TDF

returns and Social Security benefits.11 Because the PPA effectively directs investors toward TDFs,

we believe that it is important to study the incentives and behavior of these emerging investment

vehicles.

Interestingly, the two current leaders in the market for TDFs take very different approaches

8The tendency of investors to stick to their default investment allocation (i.e., inertia), has been discussed by
Benartzi and Thaler (2001), Madrian and Shea (2001) and Agnew et al. (2003), among others.

9The Appendix, Sections A.1 and A.2, includes a detailed description of the PPA and a selection of quotes on the
pros and cons of TDFs.

10All of the numbers in this paragraph except for our calculation using BrightScope data are taken from Figure
7.8 and Figure 7.10 of the 2014 Investment Company Institute Fact Book.

11As documented by Madrian and Shea (2001) and Agnew et al. (2003), 401(k) investors exhibit strong inertia
in their asset allocations and, hence, young investors who have been defaulted in a TDF are likely to stay in that
investment vehicle for a long time. Moreover, inertia is likely to be even more pronounced in the case of TDF
investment, as TDFs are designed to adjust their allocations as investors age. In addition, Mitchell and Utkus (2012)
show that, independently of default effects, new plan entrants adopted TDF voluntarily at an average 31% rate,
during the 2003–2010 period. The appeal of TDFs as a long-run investment choice may derive from the fact that
the funds’ glide paths effectively amount to implicit investment advice; see Chalmers and Reuter (2014) and Mitchell
and Utkus (2012).
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to the design of their products. Vanguard’s approach is to allocate investments across five low cost

index funds. Fidelity’s approach, on the other hand, is to allocate investments across as many as

27 actively managed mutual funds.12 Whether one approach is better for investors than the other

is an open question, but the two approaches highlight a significant source of heterogeneity in how

TDFs are constructed.

This is the first paper to focus on the heterogeneity of TDFs and to study changes in the

population of TDFs around the introduction of the PPA. The existing literature mainly compares

TDFs to other investment vehicles and studies the factors driving individual demand for TDFs.13

The paper most closely related to our own is Sandhya (2011), who compares TDFs to BFs offered

within the same mutual fund family. While Sandhya (2011) focuses on average differences in fund

expenses and returns, our paper links heterogeneity in idiosyncratic risk to risk-taking incentives

arising from the PPA. Also related is Elton et al. (2014), who use data on underlying mutual fund

holdings to study both the level of TDF fees and how deviations from TDF glide paths effect

fund-level returns. Their finding that TDFs have become increasing likely to invest in emerging

markets, real estate, and commodities complements our findings related to heterogeneity in TDF

betas. However, they do not ask whether risk-taking by entrants helps to explain the movement

into new asset classes. Moreover, none of the existing papers explores the extent to which plan

sponsors consider TDF risk when constructing their investment menus.14 Our unique plan-level

data allow us to test for risk matching between firms and TDFs.

12Fidelity now also offers an index fund version of their TDFs, the “Fidelity Freedom Index Funds.” These funds
were introduced in 2009.

13Yamaguchi et al. (2007), Park and VanDerhei (2008), Park (2009), and Mitchell et al. (2009) study investor
demand for the particular TDFs introduced into their samples of DC retirement plans. Pagliaro and Utkus (2010)
and Mitchell and Utkus (2012) study the role of a 401(k) plan’s architecture on TDF demand. Chalmers and Reuter
(2014) argue that TDFs are cost-effective substitutes for financial advisors. Ameriks et al. (2011), Morrin et al.
(2012), and Agnew et al. (2012) use survey data to identify the factors behind TDF investment.

14Shiller (2005), Gomes et al. (2008), and Viceira (2009) use simulations and calibrated lifecycle models to compare
the properties of representative TDFs to those of other investment vehicles. Pang and Warshawsky (2009) study the
effect of heterogeneity in glide paths on the distribution of terminal wealth.
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3 Data

We obtain data on mutual fund names, characteristics, fees, and monthly returns from the CRSP

Survivor-Bias-Free U.S. Mutual Fund Database. CRSP does not distinguish TDFs from other types

of mutual funds, but they are easily identified by the target retirement year in the fund name (e.g.,

AllianceBernstein 2030 Retirement Strategy). Through much of the paper, our unit of observation

is family i’s mutual fund with target date j in month t. For example, T. Rowe Price offers twelve

distinct TDFs in December 2012, with target dates of 2005, 2010, . . . , 2045, 2055, plus an income

fund. As with other types of mutual funds, TDFs typically offer multiple share classes. To calculate

a fund’s size, we sum the assets under management at the beginning of month t across all of its

share classes. To calculate a fund’s expense ratio, we weight each share class’s expense ratio by

its assets under management at the beginning of the month. To calculate a fund’s age, we use the

number of months since its oldest share class was introduced. To identify families that enter the

market after December 31, 2006, we use the year when each mutual fund family offered its first

TDF. Because we find that CRSP data on the holdings of equity, debt, and cash are unreliable for

TDFs, we infer investment strategies from the betas estimated in factor models.15

Table 1 presents summary statistics on the evolution of the TDF market over the 1994–2012

period. Wells Fargo introduced the first TDFs in 1994. Between 1994 and 2012, the number of

TDFs grew from five to 368 and the number of mutual fund families offering TDFs grew from one

to 37, with total assets under management going from $278 million to $480 billion, a seventeen-

hundred-fold increase.16 In particular, 20 families entered the market after 2006, allowing us to

study differences between the TDFs of new entrants and more established mutual fund families.

15We document inconsistencies in CRSP equity holdings data in Section B of the Supplementary Appendix.
16The number of distinct TDFs cannot be directly calculated from Table 1 because some families offer multiple

TDFs within a given range of target dates (e.g., Fidelity offers TDFs with target dates of 2015 and 2020) and some
families offer multiple TDFs with a given target date (e.g., Fidelity now offers active and passive versions of each
TDF).
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While Wells Fargo was the market leader until 1997, Fidelity took the lead in 1998. Fidelity’s

dominant position has been eroded, though, dropping from a maximum market share of 88.1% in

2002, to 32.7% in 2012. Similarly, although the market for TDFs remains quite concentrated, the

market share of the top three firms has fallen gradually from 97.8% in 2002, to 75.1% in 2012. Firms

that entered the market after 2006 (and remained in the market through 2012) have a combined

market share of 4.4%. It is worth noting that seven of the ten families that exit the TDF market

between 2009 and 2012 also entered the market after 2006. These include Goldman Sachs and

Oppenheimer.

We also use the CRSP mutual fund database to construct a sample of traditional (non-TDF)

BFs and a sample of S&P 500 index funds. To obtain our sample of traditional BFs, we dropped

all of the funds that we identify as being TDFs, and then restrict the sample to funds where the

Lipper objective (as reported in CRSP) is “Balanced Fund.” To obtain our sample of S&P 500

index funds, we first require that the fund name include “S&P” or “500.” Then, we manually drop

funds that are not traditional S&P 500 index funds (e.g., the Direxion Funds S&P 500 Bear 2.5x

Fund).

4 Characterizing cross-sectional heterogeneity in TDFs

We start by characterizing the cross-sectional heterogeneity in TDFs. Namely, for each year and

target date, we compute statistics summarizing the ex-post heterogeneity in realized returns and

alphas. We then turn to statistics meant to capture ex-ante differences in TDF return distribu-

tions: the time-series volatility of idiosyncratic returns, and the R2s and U.S. equity betas from

factor models. For comparison, we also report descriptive statistics for the sample of BFs offered

by families that offer TDFs. Given the high market concentration documented in Table 1, we com-

pute both equal-weighted and value-weighted cross-sectional standard deviations of the different
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measures.

Table 2 documents the substantial cross-sectional dispersion in realized annual returns of

TDFs during our sample period.17 For example, for the 2015–2020 TDFs, the equal-weighted

cross-sectional standard deviation increases from 0.5% in 2000 to 1.8% in 2012. The increase

was especially marked between 2007 and 2008, jumping from 2.0% to 5.1%. Similarly, the value-

weighted standard deviation increases from 0.4% in 2000 to 1.8% in 2012, and jumps from 1.2%

to 3.5% between 2007 and 2008. The difference between the maximum and the minimum annual

returns (range) increases from 1.1% to 8.5% between 2000 and 2012, and from 7.3% to 27.2%

between 2007 and 2008.

The patterns are similar for the other four pairs of target dates. In every case, we find that

the standard deviation of annual returns is higher in the years after the PPA (2007-2012) than in

the years before (2000-2006). Across all five target dates, the equal-weighted standard deviation

increases from 1.7% (pre-PPA) to 2.6% (post-PPA), and the difference is statistically significant

at the one-percent level. The facts that TDFs with the same target date exhibit significant cross-

sectional dispersion in returns, and that this dispersion increases following the PPA, are the main

stylized facts of our study.18 The fact that we find the greatest post-PPA return dispersion among

TDFs with the earliest target dates suggests that those investors closest to retirement face the

greatest uncertainty about TDF returns.

When we switch our focus to BFs, we find that their annual returns exhibit more cross-

sectional dispersion than the annual returns of TDFs, on average, although in some specific instances

the magnitudes are comparable. This is consistent with there being a wider range of investment

17In order to increase the size of the cross-section for each year, we combine TDFs with adjacent target dates (e.g.,
2015 and 2020).

18The fact that the changes in dispersion are qualitatively similar using the equal-weighted and value-weighted
measures indicates that the heterogeneity that we document is not being driven by a small number of funds with
few assets under management. At the same time, the fact that the value-weighted measures are consistently lower
than the equal-weighted measures is consistent with our hypothesis that entrants face a greater incentive to generate
idiosyncratic returns than existing market leaders.
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strategies within the full sample of BFs than within TDFs with any pair of target dates. The more

interesting finding is that we cannot reject the null hypothesis that the dispersion in BF returns is

the same Pre-PPA as Post-PPA (p-value of 0.566).

In Table 3, we focus on the idiosyncratic component of realized annual TDF returns. To

control for the effect of systematic risk on TDF returns, we estimate alpha using a five-factor

model and daily excess returns.19 We find that there is significant cross-sectional dispersion in the

alphas, and that the dispersion is higher in the years after the PPA. Across all five target dates,

the equal-weighted standard deviation increases from 1.4% (Pre-PPA) to 2.0% (Post-PPA), and

the difference is statistically significant at the one-percent level. Because these differences are of

the same order of magnitude as in Table 2, it appears that a significant fraction of the dispersion

in total returns is being driven by dispersion in idiosyncratic returns. In contrast, although the

equal-weighted standard deviation of BF alphas increases by 0.9%, this difference is not statistically

significant at conventional levels (p-value of 0.247), and, unlike with TDFs alphas, we observe no

increase in the value-weighted standard deviation of BF alphas.

The analysis above documents significant heterogeneity in realized, or ex-post, TDF returns.

Differences in realized returns and alphas must reflect underlying ex-ante differences in asset alloca-

tion, security selection, or both. Nevertheless, it is possible that, despite these ex-post differences,

the ex-ante distributions of returns for different TDFs were not that different. To address this issue,

we switch our focus to the time-series volatilities of idiosyncratic returns. Because the volatilities

of idiosyncratic returns describe the statistical properties of TDF returns, they are more likely to

reflect ex-ante differences in TDF behavior.

Table 4 reports statistics for idiosyncratic volatilities, estimated as the annualized—scaled

19The five factors are the daily excess returns of the value-weighted CRSP U.S. market, MSCI World Index excluding
the U.S., Barclays U.S. Aggregate Bond Index, Barclays Global Aggregate excluding the U.S., and GSCI Commodity
Index. To calculate fund i’s five-factor alpha in month t, we estimate the index model in month t − 1 using daily
returns from months t−12 to t−1. To calculate fund i’s five-factor alpha in year t, we compound the alphas obtained
from the rolling twelve-month regressions.
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by
√

12—within-TDF standard deviation of monthly five-factor alphas during each calendar year.

We then compute yearly summary statistics of the idiosyncratic volatilities across TDFs with the

same target date. The patterns are qualitatively similar to those documented in Table 3. Across

all five target dates, the idiosyncratic volatility approximately doubles, from 1.1% to 2.1%. This

difference is statistically significant at the one-percent level, while the slightly smaller increase for

BFs, from 1.5% to 2.1%, is not (p-value of 0.200). Note that the serial correlation in idiosyncratic

volatilities is 0.515, which is both economically and statistically significant (p-value of 0.000). This

increases our confidence that idiosyncratic volatilities capture ex-ante differences in risk-taking.

Table 5 reports statistics for another estimate of ex-ante risk-taking: the R2s of the five-

factor model. We estimate the serial correlation in the R2s of TDFs to be 0.751 (p-value of 0.000),

which is even stronger than the serial correlation in idiosyncratic volatilities. Nevertheless, across all

five pairs of target dates, we document a decrease in average R2s and an increase in the dispersion

of R2s. For example, for the 2005–2010 funds, the average R2 decreases from 96.3% in 2001 to

94.7% in 2012, whereas the equal-weighted (value-weighted) standard deviation increases from 1.2%

(0.8%) to 6.2% (4.1%). Amihud and Goyenko (2013) interpret lower R2s as evidence of greater

manager selectivity and show that they are negatively correlated with fund size in their sample of

equity funds. In our setting, it appears that the entry of new participants into the TDF market has

led to more idiosyncratic volatility as a fraction of the total volatility of TDF returns. Interestingly,

this increase in volatility seems to be mainly driven by some funds producing returns with especially

low R2s. For the 2005–2010 TDFs, the lowest R2 was 95.3% in 2001, but only 64.8% in 2012. More

generally, the drop in the minimum R2s is especially pronounced during the last three years of our

sample.

Finally, to capture dispersion in glide paths, we focus on dispersion in the U.S. equity betas.

The U.S. equity beta is estimated year-by-year, using daily excess returns, in the same five-factor
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model that we use to estimate TDF alphas. Table 6 presents the summary statistics for beta.

Across all five target dates, we find that average U.S. equity betas are significantly lower in 2012

than in 2001. For example, for 2015-2020 TDFs, they fall from 0.58 to 0.46. This decline is precisely

what we expect to observe in a fixed set of glide paths. We also find evidence of increased dispersion

in betas in the years after the PPA, however, with the equal-weighted standard deviation increasing

from 0.08 to 0.11 (p-value of 0.000).

Overall, Tables 2 through 6 reveal that the sample of TDFs in existence after the PPA of

2006 exhibited greater dispersion in ex-post and ex-ante risk than the sample of TDFs in existence

pre-PPA. The fact that idiosyncratic volatilities and R2s are highly persistent suggests that it is

easier for entrants to offer TDFs that pursue volatile investment strategies than it is incumbents to

change the investment strategies of existing TDFs. Therefore, we expect that the change in TDF

characteristics is mainly attributable to post-PPA entrants. We test a version of this hypothesis in

the next section.20

As the last exercise to characterize and benchmark the heterogeneity in TDFs, we decompose

the total dispersion in the various TDF measures into what is driven by time variation of the average

measure for a TDF with a given target date, and what is driven by cross-sectional variation around

the average. The same exercise is then performed for the universes of BFs and S&P 500 index

funds. (See Section A.3 of the Appendix for details.) Regardless of the measure, we find that

fund dispersion is highest for BFs and lowest for index funds, with TDFs of all target dates falling

in between. Hence, perhaps not surprisingly, TDFs are characterized by more heterogeneity than

commodity-like index funds, but less heterogeneity than BFs, which are less constrained in their

market-timing and security-selection decisions.

20 Because our regressions include target-date-by-time-period fixed effects, they allow us compare the return dis-
persion of TDF offered by different families while holding constant the target date and month. These specifications
do not, however, allow us to test for time trends in the behavior of incumbent TDFs.
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5 Does TDF heterogeneity reflect optimal risk-taking?

5.1 The role of risk-taking incentives

Our general hypothesis is that heterogeneity in the behavior of TDFs reflects heterogeneity in the

incentives faced by the families offering them. To explain the increased dispersion in idiosyncratic

returns documented in the previous section, we consider three incentives related to risk-taking.

First, because flows into TDFs are likely to be driven by plan sponsor decisions about which TDFs

to include on their investment menus (Pool et al. (2013) and Sialm et al. (2015)), we hypothesize

that flows into TDFs are more likely to chase risk-adjusted returns than are flows into the typical

retail mutual fund. To test this hypothesis, we test whether flows into TDFs are more sensitive

to net returns or five-factor alphas, and we compare the flow-performance relations of TDFs and

BFs. Evidence that TDFs compete on risk-adjusted returns would help to rationalize dispersion in

risk-adjusted returns.

Second, by increasing demand for TDFs as default investment options, the PPA significantly

increased the future share of retirement plan assets that will be invested in TDFs. As a result,

the PPA increased the incentive of mutual fund families to place their TDFs on retirement plan

investment menus. Because we cannot observe the counterfactual market structure, we cannot

quantify the strength of this incentive. TDFs were, after all, gaining market share before the PPA.

Nevertheless, the passage of the PPA likely helps to explain why, in Table 1, we observe 17 families

entering the TDF market in 2007 and 2008, increasing the total from 27 to 44. The large number

of entrants is likely to intensify competition for market share.

Third, there is a well-established literature arguing that mutual funds facing more convex

payoffs are more likely to engage in risk-taking (e.g., Brown, Harlow, and Starks (1996) and Evans

(2010)). In our setting, variation in convexity arises from the fact that entrants have the fewest
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assets—and therefore fewer management fees—to lose if they underperform their peers. This fact

leads us to hypothesize that families entering the market for TDFs after the PPA will pursue more

idiosyncratic strategies than existing families.21 Combining the three risk-taking incentives leads us

to predict that the increased dispersion in idiosyncratic returns documented in Tables 2 through 5

is driven by the large number of families with low TDF market shares. Moreover, we predict

that the risk-taking incentives are especially large for families that entered the market after 2006.

This is because low-market-share incumbents typically have more assets at stake than entrants,

and because incumbents have less flexibility to pursue idiosyncratic investment strategies given the

glide paths and fund holdings they previously disclosed in their prospectuses.

Before testing these predictions, it is helpful to consider several possible refinements. One

refinement concerns the potential mechanism. One possibility is that, following the PPA, new

entrants are more likely to assign funds pursuing more idiosyncratic strategies to their TDFs. In

other words, they might be more likely to design TDFs that behave like BFs. Alternatively, it could

be that, following the PPA, families with more idiosyncratic investment strategies are more likely to

enter the TDF market. While this is not a crucial distinction from the investor’s perspective, we can

shed light on the mechanism by comparing specifications that do and do not control for the behavior

of a family’s BFs. We can also ask whether the correlation between the return characteristics of a

family’s TDFs and BFs is stronger for entrants than for incumbents. This is what we would expect

if incumbents reduce TDF risk levels below BF risk levels, but entrants do not.

A separate issue is that families face a choice about when to enter the market and pursue

an idiosyncratic investment strategy. To the extent that pursuing the volatility option this year

prevents families from pursuing the volatility option next year, the incentives of entrants to both

21An earlier version of our study developed a simple model formalizing this intuition. We assumed that fund
families care about both the expected level and the volatility of flows and that, because a TDF can at most lose the
assets currently under management, expected flows can be increasing in the volatility of returns. As a result, new
TDFs may find it optimal to load on risk as the effect on expected flows more than offsets the effect on the volatility
of flows.
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enter the market immediately following the PPA and pursue idiosyncratic strategies may be weaker

than we claim. As a practical matter, fund families appear to have decided not to delay the entry

and the possible exercise of the volatility option: we observe 17 entrants between 2007 and 2008,

and only 3 entrants between 2009 and 2012. Our conjecture is that families expected that it would

be easier to have their TDFs added to plan menus in the years immediately following the PPA,

than to convince plan sponsors to replace previously-chosen TDFs with new TDFs. In other words,

“stickiness” in the choice of TDF by plan sponsors may have fully offset any possible benefit from

waiting to exercise the volatility option.

There is another well-established literature showing that the flow-performance relation for

retail mutual funds is convex (e.g., Sirri and Tufano (1998)). This literature prompts us to test for

convexity in the flow-performance relation of TDFs that is unrelated to market share. Finally, there

is an an interesting question about how the costs and benefits of pursuing an idiosyncratic return

strategy vary with market shares in other markets. On the one hand, a family with low market

share in the overall mutual fund market might have a difficult time attracting the attention of plan

sponsors, limiting the potential benefit of pursuing idiosyncratic returns. On the other hand, a

family with high market share in the overall mutual fund market might worry that abnormally low

TDF returns will damage its reputation with plan sponsors and retail investors. These possibilities

prompt us to estimate additional specifications that test whether risk-taking incentives related to

TDF market share vary with overall market share.
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5.2 Flows and performance

In this section, we test the hypothesis that TDF flows respond to risk-adjusted returns. In Table

7, we estimate the following flow-performance model:

flowijt = aj + bt + c>Xjt + d>Zijt + εijt, (1)

where flowijt is the one-year net flow, measured as a percentage of assets under management at the

beginning of the period. The specification is motivated by the flow-performance regression in Del

Guercio and Reuter (2014), who also run a horse race between raw and risk-adjusted returns, but

is extended to capture features of the TDF market. The Xjt vector includes the natural logarithm

of the total number of funds with target date j in year t, which is a measure of the degree of

competition for flows. In the full specification, the Zijt vector includes: the one-year realized (net)

return in year t− 1; the one-year (net) alpha in year t− 1; the volatility of monthly fund returns in

year t− 1; the net flow into fund i in year t− 1; a dummy equal to one if the fund was introduced

after December 2006; a dummy equal to one if the fund was introduced by a family that entered

the TDF market after December 2006; the fund-level expense ratio measured in year t; the natural

logarithm of fund assets under management in year t − 1; and the natural logarithm of family

assets under management in year t − 1. Specifications with TDF flows as the dependent variable

include both calendar-year fixed effects and target-date fixed effects. Specifications with balanced-

fund flows only include calendar-year fixed effects. Standard errors are simultaneously clustered on

mutual fund family and year.

Our main finding is that flows into TDFs chase lagged risk-adjusted returns rather than raw

returns. In the first column, which includes the smallest set of controls, we find that a 1% increase in

alpha in year t−1 is associated with an increase in percentage flows of 2.430%. In the third column,
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which includes the full set of controls (including lagged flows), the estimated coefficient on lagged

alpha is 1.807%. In each column that includes both net returns and alphas, the estimated coefficient

on raw returns is much smaller in value (between 0.159% and 0.361%), statistically indistinguishable

from zero, but statistically significantly different from the estimated coefficient on alpha (p-values

between 0.001 and 0.015). These estimates imply that plan sponsors (or their consultants) reward

risk-adjusted returns rather than raw returns, a finding which helps to rationalize the observed

dispersion in idiosyncratic returns.22 We also find that flows are decreasing in the lagged volatility

of monthly returns.23 Both sets of findings are broadly consistent with Del Guercio and Tkac

(2002), who conclude that pension funds face fundamentally different flow-performance relations

than retail mutual funds.

When we re-estimate the full specification on the sample of BFs, we find that flows respond

to both raw and risk-adjusted returns.24 This is the same general pattern that Del Guercio and

Reuter (2014) find in a pooled sample of domestic equity funds. The estimated coefficient on the

lagged alpha is approximately half of that estimated for TDFs, and statistically indistinguishable

from the estimated coefficient on the lagged raw return. In addition, while lagged flows continue

to predict current flows, the volatility of monthly returns does not. These differences strengthen

our conclusion that the flow-performance relation for TDFs differs from that of the typical retail

mutual fund, resulting in a different set of risk-taking incentives.

Finally, we use a series of dummy variables to measure the convexity of the flow-performance

22When we estimate a version of this specification based on three-year flows and contemporaneous three-year
returns and alphas, the estimated coefficients on both return measures are positive and statistically significant, but
the estimated coefficient on alpha is approximately three times larger (14.853% versus 5.454%) and the two coefficients
are statistically significantly different at the 5-percent level.

23When we estimate specifications that control instead for the lagged volatility of monthly alphas, the coefficients
are small and positive, with very large standard errors.

24In contrast, Sandhya (2011) documents that quarterly TDF flows—likely dominated by the behavior of DC
investors—are insensitive to past quarterly performance, whereas balanced-fund flows—likely dominated by the be-
havior of non-DC investors—are sensitive to past quarterly performance. The fact that we find different patterns
when we focus on longer-horizon returns suggests that the appropriate horizon to evaluate the flow-performance
relation may be different for funds catering to DC and non-DC investors.
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relation for TDFs. The fourth-quartile dummy variable indicates whether fund i’s five-factor alpha

is in the top quartile of five-factor alphas earned in year t− 1 by TDFs with the same target date;

the other dummy variables are defined similarly. The flow-performance relation that we estimate

for TDFs is less convex than has been estimated for many types of retail funds, but is qualitatively

similar to that estimated in Sialm et al. (2015). We find that top-quartile funds grow by an

additional 7.0% and that bottom-quartile funds shrink by 7.9%; there are no additional inflows or

outflows for the middle quartiles. This symmetry implies that expected flows should not be much

affected by the volatility of risk-adjusted returns. In turn, this implies that risk-taking incentives

are only likely to arise when families have few assets to lose.

5.3 Explaining the cross-sectional dispersion in TDF returns and alphas and

the level of idiosyncratic risk

Having found that TDFs flows respond to risk-adjusted returns, we next test the hypothesis that

increased competition following the PPA helps to explain the increased heterogeneity in TDF

returns (see Table 8). We begin with the regression model:

(rijt − rjt)2 = ajt + b>Xijt + εijt, (2)

where rijt is the monthly return of TDF i and rjt is the cross-sectional average return of TDFs with

target date j in month t; ajt is a target-date-specific fixed effect for month t; and Xijt is a vector

of covariates intended to capture family-level incentives and investment strategies. This vector

includes: dummy variables equal to one if the market share of family j’s TDFs was ≤ 1% (“Low

Market Share”) or > 1% and ≤ 5% (“Medium Market Share”) in month t − 1; dummy variables

equal to one if family k entered the TDF market before or after December 31, 2006 (“Pre-PPA

Family” versus “Post-PPA Family”); interactions of the Low Market Share dummy variable with
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the Pre-PPA and Post-PPA dummy variables; a dummy variable equal to one if TDF i invests in

index funds; and the average comparable measure of return dispersion for BFs in TDF i’s family.25

We expect TDFs investing in index funds to exhibit less cross-sectional return dispersion than TDFs

based on actively managed funds. To the extent that some families pursue more volatile investment

strategies across their full range of funds, we also expect the average cross-sectional return dispersion

of a family’s BFs to be positively correlated with the cross-sectional return dispersion of its TDFs.

By including a separate fixed effect for each target-date-month pair, we are comparing the return

dispersion of different TDFs with the same target date in the same month. Consequently, whereas

the patterns in Tables 2–6 partially reflect the effect of the financial crisis on all TDF returns, the

coefficients in equation (2) are being identified purely by cross-sectional variation in the variables

of interest.

In 2006, there are 16 families with Low Market Share, five families with Medium Market

Share, and four families with High Market Share (the omitted category in our regressions). In

2012, those numbers are 25, nine, and three, respectively, with three Pre-PPA families and one

Post-PPA family rising from Low Market Share to Medium Market Share range, and one Pre-

PPA family falling from High Market Share to Medium Market Share.26 Our two main (related)

predictions are that families with Low Market Share will pursue more volatile investment strategies

than families with Medium or High market share, and that this incentive will be particularly strong

for families drawn into the market by the PPA. Table 8 provides support for both predictions. In

the baseline specification (column one), we find that dispersion of monthly net returns increases by

0.625% when TDFs are offered by Low Market Share families.27 In column two, where we add the

25The specification is significantly different from that estimated in Table 7 because our focus has shifted from
investor and plan-level decisions about how to allocate retirement assets to family-level decisions about risk-taking
as a function of TDF market share.

26In Table A.2, we report the number of families that fall into six different categories based on their TDF market
share (low, medium, and high) year of entry (pre-PPA and post-PPA). We also report the number of TDF-month
observations for each type of family in each calendar year.

27We estimate this effect by taking the square root of the regression coefficient 0.391.
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Post-PPA family dummy variable, we see that about 60% of the Low Market Share effect is actually

a Post-PPA family effect. And, in column four, where we allow the Low Market Share effect to

differ for Pre-PPA and Post-PPA families, we find that almost all of the Low Market Share effect is

driven by the TDFs of families entering the market post-PPA. The dispersion of monthly returns is

0.884% higher for Post-PPA families (p-value of 0.026), versus 0.336% higher for Pre-PPA families

(p-value of 0.129), and the difference is statistically significant at the ten-percent level. Our findings

are quantitatively similar when we run family-level regressions that focus on the average level of

return dispersion in family k in month t, which is reassuring because the typical family’s TDFs

allocate different amounts to the same underlying sample of funds.

In the remaining columns, we estimate analogous fund-level and family-level specifications

for two other dependent variables: cross-sectional dispersion in the five-factor alpha in month t,

and the (non-annualized) idiosyncratic volatility of TDF i in year t. We again find consistent

evidence that among Low Market Share, Post-PPA families generate more volatile alphas than

Pre-PPA families. In addition, we now find that both types of Low Market Share families generate

more volatile alphas than High Market Share families. For example, in the fund-level regression

for the cross-sectional dispersion in five-factor alphas, the estimated effects are 0.272% for Pre-

PPA families and 0.528% for Post-PPA families, and both effects are statistically significant at the

5-percent level.

Although the coefficient on the index-fund-based TDF dummy variable is consistently neg-

ative, it is only statistically significant when the dependent variable is idiosyncratic volatility. A

more robust relation is between the dispersion of TDF returns and the average dispersion of returns

on BFs within the same family, suggesting that some families pursue systematically more volatile

investment strategies than others. Adding this family-level control significantly increases R2 (from

10.94% in column two to 16.08% in column three), but only has a modest effect on the Low Market
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Share and Post-PPA coefficients. In other words, while the PPA appears to have drawn families

with more idiosyncratic investment strategies into the TDF market, we find significantly higher dis-

persion in risk-taking on the part of Post-PPA TDFs with low market share, even after controlling

for this family-level trait.28

Although our tests focus on a family’s share of the TDF market, we acknowledged in

Section 5.1 that the expected costs and benefits of increasing idiosyncratic risk may also depend

on the family’s share of the overall mutual fund market or 401(k) market. Specifically, families

with the lowest overall market shares may have the least to gain from pursuing an idiosyncratic

return strategy, because consultants may still be reluctant to add them to retirement plan menus.

Families with the highest overall market shares, on the other hand, may have the most to lose if

abnormally low TDF returns damage their reputation with plan sponsors. We test these predictions

in an alternative version of Table 8, which we include in the Supplementary Appendix. One set

of specifications includes dummy variables indicating low or medium market share in the overall

mutual fund market (based on total assets under management in CRSP), rather than in the TDF

market. Another set of specifications interact the dummy variables indicating low, medium, and

high market share in the TDF market with dummy variables indicating low, medium, and high

market shares in the overall mutual fund market. We find the strongest evidence of risk-taking

by families that have a low TDF market share and a medium overall market share. But, we also

continue to find significantly more risk-taking by Post-PPA families, the majority of which have

low TDF market share. We conclude that the risk-taking incentives associated with entering the

TDF market after the PPA are even stronger for those families with a medium market share in the

28In untabulated results, we document that the cross-sectional dispersion of returns and alphas is comparable for
pre- and post-PPA families. However, while for pre-PPA families the cross-sectional dispersion of TDF returns and
alphas is significantly lower than that of BF returns and alphas, this is not true for post-PPA families, for which TDF
and BF returns and alphas have comparable cross-sectional dispersion. Thus, it appears that one channel through
which post-PPA families responded to their risk-taking incentive was by choosing not to adjust the idiosyncratic risk
of their TDFs down relative to their BFs.
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overall mutual fund market.

5.4 Explaining differences in the level of factor-model R2s

As an alternative measure of risk, we turn to factor-model R2s (see Table 10). We consider two fac-

tor models: a single-factor model, with the U.S. equity excess return as the only factor (“CAPM”),

and the five-factor model used through the paper (“five-factor model”). The fund-level and family-

level regressions mirror those discussed in the previous section, except that, because the unit of

observation switches from month to year, we focus on market shares calculated in month t − 12.

In the fund-level regressions, the dependent variable is the R2 of TDF i in year t, minus the equal-

weighted average R2 for all TDFs with the same target date.29 In the family-level regressions, it is

the equal-weighted average of these deviations for family k in year t.

Since lower R2s are associated with more idiosyncratic returns, our prediction is that Post-

PPA families with Low Market Share will have the lowest R2s. In Table 9, we find evidence

consistent with this prediction. The R2s of Low Market Share, Post-PPA families are between

5.5% and 6.2% lower when we focus on the one-factor model, and between 2.7% and 3.0% lower

when we focus on the five-factor model. All of these differences are statistically significant at the

five-percent level from the omitted category of High Market Share families. In terms of economic

significance, the differences in five-factor R2 are larger than almost all of the equal-weighted cross-

sectional standard deviations that we report in Table 5 for 2007–2009, and approximately half the

size of the average equal-weighted cross-sectional standard deviation in 2010–2012. We continue to

find that the return properties of a family’s BFs help to predict the return properties of its TDFs.

29Since we include target-date-by-year fixed effects, subtracting the cross-sectional average does not affect our
estimates in the fund-level regressions. De-meaning is necessary, though, when calculating the dependent variable
used in the family-level regressions.
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5.5 Explaining differences in the levels and the dispersion in five-factor-model

betas

In the previous two sections, we found that competition for TDF flows focuses on risk-adjusted

returns, and that families entering the market after the PPA responded by generating more id-

iosyncratic returns. In this section, we test for differences in betas. The fund-level and family-level

regressions in Table 10 mirror those in Table 9. To the extent that plan sponsors focus primarily on

risk-adjusted returns, we do not expect entrants to offer TDFs with systematically higher or lower

betas than other families. On the other hand, because entrants may find it difficult to market their

TDFs to plan sponsors if they have the same glide paths as the market leaders, we expect entrants

to increase dispersion in betas. (In the next section, we test whether dispersion in betas results in

better risk matching between TDFs and firms.)

The dependent variable in Panel A is the beta of TDF i in year t minus the equal-weighted

average of all TDFs with the same target date, or the equal-weighted average deviations for TDF i’s

family in year t. In this panel, positive coefficients imply positive tilts in beta. The dependent

variables in Panel B are the squared deviation for TDF i in year t or the equal-weighted average

squared deviation for TDF i’s family in year t. Here, positive coefficients imply greater dispersion

in beta. We again control for whether TDF i is based on index funds (or the fraction of family

TDF assets that are based on index funds), as well as the average beta tilt or dispersion within

TDF i’s family.30

We find some evidence that Low Market Share, Post-PPA families have higher loadings

on U.S. debt, global debt, and commodities. However, the main finding in Panel A is that the

beta tilts of TDFs are strongly positively correlated with the beta tilts of a family’s BFs. The

effect is especially large for the exposure to the commodity factor, where a 0.10 increase in the

30Because we are estimating specifications for five separate betas, we omit the specifications that include Low
Market Share and Post PPA Family dummies without an interaction.
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commodity betas of BFs is associated with a 0.06 increase in the commodity betas of TDFs. While

it is perhaps not surprising that families make similar asset allocation decisions in their TDFs and

traditional BFs, the typical investor is unlikely to know whether her TDF is from a family that has

above-average allocations to global equity or commodities.

The main finding in Panel B is that Low Market Share, Post-PPA families offer TDFs with

more disperse betas with respect to U.S. equity, global equity, global debt, and commodities. This

suggests that the movement into riskier asset classes documented in Elton et al. (2014) is being

driven by families entering the TDF market following the PPA.

6 Does TDF heterogeneity reflect risk matching?

6.1 The role of risk-matching incentives

To explain the increased dispersion in betas, we consider incentives related to risk matching. The

Department of Labor now explicit encourages plan sponsors to take worker characteristics into

account when choosing TDFs.31 Dispersion in glide paths should be readily observable to plan

sponsors and their consultants. Therefore, one hypothesis is that “risky” firms will pick safer

TDFs for their 401(k) plans than “safe” firms. For example, firms in riskier industries may avoid

TDFs with larger-than-average allocations to equity, and this may be especially true when the plans

feature automatic enrollment, since the TDFs in these plans are likely to be the default investment

options. This form of risk matching implies a negative correlation between TDF risk and firm risk.32

31In a 2013 memo directed at plan fiduciaries, the DOL writes: “You should consider how well the TDFs’ char-
acteristics align with eligible employees ages and likely retirement dates. It also may be helpful for plan fiduciaries
to discuss with their prospective TDF providers the possible significance of other characteristics of the participant
population, such as participation in a traditional defined benefit pension plan offered by the employer, salary levels,
turnover rates, contribution rates and withdrawal patterns.” U.S. Department of Labor, Employee Benefits Security
Administration, “Target Date Retirement Funds - Tips for ERISA Plan Fiduciaries,” February 2013.

32Viceira (2009) notes that: “Employees with volatile labor earnings or labor earnings that are highly correlated
with equity returns should avoid investing in the current generation of life-cycle funds, which exhibit significant
equity tilts. For these investors, their human wealth is less ‘bond-like’ and more ‘equity-like.’ Therefore they already
have exposure to equities through their human wealth and should avoid excessive exposure, or any exposure at all,
to equities in their portfolios. Since the correlation of labor earnings with stock returns is likely to be similar for
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The alternative hypothesis is that, if the risk aversion of the representative employee varies across

firms (Berk et al. (2010)), and if different firms appeal to employees with different levels of risk

aversion, then TDF risk and firm risk are positively correlated.33 We test for non-zero correlations

using plan-level data and measures of systematic and idiosyncratic risk.

6.2 Testing for risk matching in plan-level data

To test the risk-matching hypothesis, we analyze retirement plan-level data from BrightScope.34

The full database covers 16,766 distinct 401(k) and 403(b) plans, offered by 15,403 distinct firms,

in 2010. There are more plans than firms because some firms offer multiple plans. For example,

United Airlines offers separate retirement plans for its pilots and ground employees. Firm-level

data include the firm’s name, primary address, and 6-digit North American Industry Classification

System (NAICS) code. We are able to locate a ticker and estimate a CAPM beta for 1,740 of the

firms in the BrightScope database.35 Plan-level data include assets under management, number of

participants, whether the plan offers company stock, whether the plan has auto enrollment, whether

the plan has a single record keeper (SRK), and the identity of the record keeper. Investment-level

data include the name and type (mutual fund, collective trust, separate account, company stock,

etc.) of each investment option offered by each plan, whether the investment option is a TDF, and

the total dollars invested in the option.

employees within the same industry or company, these considerations suggest that there is a benefit to the creation
of industry-specific or company-specific life-cycle funds.” Bagliano et al. (2013) compute the utility costs of ignoring
heterogeneity in labor income variance in constructing TDFs; see Section 7.

33Viceira (2009) suggests that: “Mutual fund companies might want to consider offering life-cycle funds that exhibit
different equity tilts. That is, they might want to offer ‘conservative,’ ‘moderate,’ and ‘aggressive’ life-cycle funds.
These funds will help capture investor heterogeneity in risk tolerance.” Gomes et al. (2008) compute the utility costs
of ignoring heterogeneity in risk aversion in constructing TDFs; see Section 7.

34Because BrightScope must hand collect data on investment menus, our sample is skewed toward firms with larger
401(k) or 403(b) retirement plans. A comparison of our sample to Form 5500 filings of plans with at least $1 million
in assets suggests that BrightScope covers 78.4% of all defined contribution retirement plan participants in 2010 and
89.3% of all defined contribution retirement plan assets.

35We use the 24 monthly returns between December 2007 and November 2009 to estimate the CAPM beta as of
December 2009. Our proxy for the market portfolio is the excess return on the market as reported on Ken French’s
website. For comparability, we use the sample time period and market portfolio to estimate the CAPM beta of each
mutual fund in the BrightScope sample.
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Summary statistics for the BrightScope data set are presented in Table 11. Approximately

66% of the plans offer some form of TDF, with 50% offering TDF mutual funds. When we count

TDFs with different target retirement dates as a single investment option, TDFs represent 2.7% of

the investment options and 9.7% ($242 billion) of the $2,495 billion in assets under management

in our sample of plans in 2010.36 The fact that TDFs managed almost 10% of defined contribution

retirement plan assets in 2010 highlights the important role that TDFs have come to play in

retirement wealth accumulation.

The advantage of using plan data from 2010 to test for risk matching is that plan sponsors

were able to choose from the full range of TDFs introduced following the PPA. Table 11 reveals

considerable dispersion in firm risk, whether measured by the CAPM beta or the standard deviation

of residual returns. Consistent with our earlier analysis, it also reveals significant dispersion in the

CAPM betas of the TDFs offered within the plans. For example, the estimated CAPM betas of

2020 TDFs range from 0.63 to 1.00.37

Within our sample, there are 7,687 retirement plans that offer TDFs and employ an SRK

that is also an asset management firm. When we distinguish investment options managed by SRKs

from investment options managed by other asset management firms, we find that 76% of TDFs are

managed by SRKs versus 39% of non-TDFs. The fact that plan sponsors disproportionately offer

the TDFs of their record keepers is prima facie evidence against significant risk matching.38

To formally test for a correlation between the riskiness of a firm and the riskiness of the

36When we focus only on mutual funds, TDFs account for 3.0% of the investment options and 13.9% ($157 billion)
of the $1,131 billion in assets under management.

37It is worth noting that this range of beta estimates contrasts with what reported in Table 6, where 2015-2020 TDF
betas range from 0.14 to 0.66. The reason for the discrepancy is that betas here are estimated from a single-factor,
rather than a five-factor model.

38There is little evidence that the choice of record keeper reflects concerns about risk matching. Regressions of
firm-level risk on record keeper fixed effects result in adjusted R2s between only 0.91% and 1.51%.
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TDF that the firm offers to its employees, we estimate the following cross-sectional model:

TDF riskijk = a+ b firm riskj + c>Xi + εijk, (3)

where TDF riskijk measures of the risk of the TDF offered in plan i sponsored by firm j in indus-

try k, and firm riskj measures the risk of the plan sponsor. If there is any form of risk matching,

the estimated coefficient on firm riskj will be non-zero. The Xi vector includes several plan-level

controls. Because plan sponsors may focus more on TDF risk when plans feature auto enrollment,

we include a dummy indicating if the plan features auto enrollment and, in some specifications,

an interaction between the measure of firm risk and the dummy indicating if the plan has auto

enrollment. Because we find that plans are more likely to offer the TDFs of their record keepers,

we include either a dummy equal to one if plan i has an SRK, or the market share of the SRK’s

investment options in the BrightScope sample.39 Our measure of plan-level risk is the average risk

of the non-TDF mutual fund options. We also include the natural logarithm of plan assets, the

natural logarithm of plan participants, a dummy indicating if the plan offers company stock. In

some specifications, we include a separate fixed effect for each industry (defined using the first 3

digits of the NAICS code), to control for average differences in firm risk across industries. Because

we were only able to estimate risk for TDFs that are mutual funds, we restrict the sample to plans

that offer TDFs that BrightScope classifies as mutual funds (and for which we could obtain mutual

fund return data from CRSP).40 Standard errors are clustered on industry.

We report the regression results in Table 12. Because we find above that heterogeneity in

realized returns is larger for TDFs whose target retirement year is closer, our main measure of

39The correlation between the market share of an SRK’s investment options and the market share of its TDF
options is 0.982, further justifying our earlier focus on a family’s market share in the TDF market.

40Our findings are unchanged if we expand the sample to include separate accounts and collective trusts and assume
that all of the TDFs offered by a given family have the same level of risk.
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TDF risk is the CAPM beta of the TDF with a target retirement date of 2020. Our main measure

of firm risk is the CAPM beta on firm j’s equity, which limits our sample to 896 plans offered by

publicly-traded firms. Within this sample, the estimated regression coefficients on firm risk are

negative, but they are neither statistically nor economically distinguishable from zero. Moreover,

the modest increase in adjusted R2 when we introduce industry fixed effects (from 2.99% to 6.06%),

suggests limited matching of TDF risk to average industry risk. Among the other variables, we

find that TDF risk decreases with plan assets and increases with the number of plan participants,

but neither effect is economically large.

The more interesting findings are that TDF risk is lower in plans that offer a SRK and,

within this sample of plans, is decreasing in the market share of the SRK. These findings are

consistent both with plan sponsors offering the TDFs of their record keepers and with higher-

market-share record keepers offering less risky TDFs than their lower-market-share competitors. A

one standard deviation increase in the market share of the SRK is associated with a reduction in

CAPM beta of 0.011, while moving from the lowest market share to the highest market share is

associated with a reduction of 0.026. By way of comparison, the standard deviation of TDF betas

is 0.058.

When we instead measure firm-level risk as the median CAPM beta of firms in the same

industry, we are able to increase the sample to 7,124 plans.41 Within this larger sample, we find a

weak positive correlation between the CAPM beta of the TDF and the CAPM beta of the industry.

The estimated coefficient of 0.012 implies that a one-standard deviation increase in industry risk

is associated with an increase of 0.011 in TDF beta. When we estimate a specification that allows

the correlation between TDF risk and firm risk to vary with automatic enrollment, we find that

the negative coefficient on the interaction term is similar in magnitude to the positive coefficient

41When we regress a firm’s CAPM beta on a separate fixed effect for each 3-digit NAICS code, the adjusted R2 is
20.13%. By way of comparison, when we regress a firm’s CAPM beta on a separate fixed effect for the state in which
a plan is located, the adjusted R2 is 3.93%.
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on firm risk. Consequently, we find a weak positive correlation between TDF risk and firm risk in

the sample of plans without automatic enrollment and no correlation in the sample of plans with

auto-enrollment.

To explore the possibility that riskier firms offer investment menus skewed toward riskier

funds, the final specification controls for the average CAPM beta of the plan’s non-TDF mutual

funds (measured relative to other funds with the same investment objective). The estimated coef-

ficient on this measure of plan risk is positive and statistically significant at the ten-percent level,

suggesting that plans offering riskier-than-average non-TDFs also offer riskier-than-average TDFs,

but the estimated coefficients on the other variables are unchanged.

In the remaining regressions, we shift our focus from systematic risk to idiosyncratic risk

(see Table 12, Panel B). Specifically, we use each firm’s and TDF’s estimated CAPM beta to

decompose its monthly returns into systematic and idiosyncratic components. We then calculate

the standard deviation of the idiosyncratic returns over the prior 24 months. (Because the mean of

the dependent variable is only 0.010, for ease of comparison, we multiply the estimated coefficients

by 100.)

We find evidence of risk matching in the industry-level regressions. Firms in industries with

more idiosyncratic stock returns are more likely to offer TDFs with lower idiosyncratic returns, but

the effects are economically modest. A one standard deviation in industry risk is predicted to

decrease TDF risk by 0.037 standard deviations. In contrast, a one standard deviation in the

market share of the SRK is predicted to decrease TDF risk by 0.22 standard deviations, while

moving from the lowest market share to the highest market share is associated with a reduction

of 0.54 standard deviations. In other words, our main finding continues to be that record keepers

with high market share offer less risky TDFs. We also continue to find that plans offering riskier-

than-average non-TDFs also offer riskier-than-average TDFs.
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7 Heterogeneity in TDF returns: why should we care?

The empirical analysis of this study has uncovered large differences in ex-post returns—both total

and idiosyncratic—for TDFs with same target date. We have also documented substantial differ-

ences in estimates of the ex-ante properties of the distribution of returns—idiosyncratic volatilities,

R2s, and betas. Moreover, we have been able to relate these differences to the risk-taking incentives

of the fund families offering the funds, but not to the characteristics of the firms whose plans offer

the TDF.

At this point, a crucial question is whether the differences in TDFs that we document

have the potential to be material to TDF investors. Existing studies suggest that they do.42 For

example, Gomez et al. (2008) consider the optimal TDF for investors with constant relative risk

aversion (CRRA), initially at age 21 and who retire at and 65, and whose life-time expected wage

profile and wage volatility is realistically calibrated. They perform the exercise of constraining an

investor with an RRA coefficient of eight to follow the average optimal asset allocation path of an

investor with an RRA coefficient of five. They estimate this cost at about 234% of his first-year

labor income. Bagliano et al. (2013) consider the appropriateness of a typical TDF for a similar

CRRA investor, who may have either normal or high labor income variance. Whereas the typical

TDF is nearly optimal for the investor with normal labor income variance, it generates a cost as

high as 31% of the constant consumption level for an investor with high labor income variance

and an RRA coefficient of eight. Pang and Warshawsky (2009) do not compute utility costs, but

characterize the heterogeneity in outcomes from investing in TDFs with the glide paths followed by

the providers in this market. Simulations show that the standard deviation of terminal wealth for

an investor who starts investing at age 25 and retires at 65 can differ by as much as 20%, depending

42In Section A of the Supplementary Appendix we provide our own “back-of-the-envelope” calculations of the costs
generated by deviations from optimality. As documented in existing studies, these costs can be substantial and these
costs can increase if the properties of returns are not known with certainty.
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on the glide path followed by the chosen TDF.

The studies above focus on TDFs that are essentially collections of index funds. Our analysis

has shown that a large component of the heterogeneity in TDF returns is due to heterogeneity in

idiosyncratic returns. The presence of idiosyncratic returns has the potential to generate additional

utility costs: the idiosyncratic risk may not be properly accounted for, and, even if it is accounted

for, can generate sizable utility cost unless compensated by extra performance.43

Finally, there is the issue of transparency of the risk properties of TDFs. Investors and plan

sponsors should know the risk—both systematic and idiosyncratic—that they are exposed to when

investing in a TDF. Indeed, the introduction of TDFs has been predicated on two main grounds (see,

for example, the quotes in Section A.2 of the Appendix): first, investors who select TDFs are less

likely to be exposed to too little systematic equity risk when young, and too much systematic equity

risk when old; second, investors who invest in TDFs are less tempted to rebalance their portfolio

in response to recent returns. If TDF have unclear risks, it is possible that investors choosing

TDFs are no better off than they would be by choosing investments on their own. Moreover, as

the reputation of TDFs is tarnished, investors may become more reluctant to invest in TDFs.

The arguments above are strengthened by the consideration that the majority of 401(k)

plans limits their participants’ choice to the TDFs offered by a single family. Hence, the costs

that heterogeneity in TDFs may generate cannot be easily diversified away by investing in many

different TDFs.

8 Conclusions

The market for TDFs is important for at least two reasons: First, because TDFs are a relatively

new financial product, this market allows us to study how mutual fund families structure new

43See Section A of the Supplementary Appendix for some calculations.
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investment products and compete for market share. Second, given the widespread, legislation-

induced use of TDFs as default investments in DC retirement plans, this is a market with special

policy significance.

We document pronounced heterogeneity in the TDF universe: TDFs with the same target

date have delivered very different returns to investors. The heterogeneity of returns has increased

over time, with the large number of families entering the market after the passage of the PPA

pursuing more idiosyncratic investment strategies. Because we show that flows into TDFs respond

to alpha rather than total returns, these patterns are consistent with new entrants responding to

their incentives to attract retirement plan sponsors by generating higher idiosyncratic returns. On

the other hand, we find little evidence that the heterogeneity in risk-taking that we document is

driven by TDFs catering to different risk clienteles. As argued in the existing literature, this lack

of matching between the risk properties of the TDFs offered in a given firm’s plan, and the risk

characteristics—human capital risk and risk preferences—of the firm’s employees has the potential

to generate substantial utility costs.

Our findings suggest that the widespread adoption of TDFs will not necessarily equalize the

returns earned by investors enrolled in different 401(k) plans. Indeed, the cross-sectional dispersion

in returns of funds with 2015–2020 target dates was so large in 2008 and 2009, that it came to

the attention of regulators. On November 29, 2010, regulation was proposed to increase investor

understanding of how TDFs operate. Specifically, TDFs would be required to provide: i) a descrip-

tion and graphical illustration of the asset allocation, how it will change over time, and the point

when it will be the most conservative; ii) a clarification of the relevance of the date (if the name

includes a target date) and the target age group for which the investment is designed; and iii) a

statement that a participant is not immune from risk of loss, even near or after retirement, and
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that no guarantee of sufficient returns to sustain an adequate retirement income can be given.44

The pronounced heterogeneity in realized TDF returns that we document means that a

well-informed 410(k) investor, who is typically limited to the TDFs of a single mutual fund family,

may face returns that depart significantly from the industry average. Importantly, these differences

in returns are largely driven by differences in alphas and cannot be anticipated based on disclosed

differences in glide path. In any case, even if we assume that differences in disclosed asset allocations

perfectly capture differences in risk, it is still true that those investors who are the most likely to

be defaulted into TDFs—and to stay in TDFs—may be the least able to make an informed choice

between TDFs and other investment vehicles.

44DOL: EBSA Federal Register: 29 CFR Part 2550, RIN 1210-AB38, October 20, 2010. On May 24, 2012,
additional disclosure requirements were proposed, based “on evidence that plan participants and beneficiaries would
benefit from additional information concerning these investments” (DOL: EBSA Federal Register: 29 CFR Part
2550, RIN 1210-AB38, May 24, 2012). In April 2013, “the Securities and Exchange Commission’s Investor Advisory
Committee recommended that the Commission develop a glide path illustration for target date funds that is based on
a standardized measure of fund risk as a replacement for, or supplement to, an asset allocation glide path illustration.”
Between May 27, 2014 and July 3, 2014, the DOL reopened the public comment period. To the best of our knowledge,
the rules are still pending.
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Appendix

A.1 The Pension Protection Act of 2006

A.1.1 Overview

The PPA of 2006 amends Title I of the Employee Retirement Income Security Act (ERISA) of 1974.

Of particular interest to our study, it relieves sponsors of DC retirement plans of liability for in-

vestment losses when they default plan participants into “qualified default investment alternatives”

(QDIAs). As specified by the Department of Labor’s (DOL) Employee Benefits Security Admin-

istration (EBSA), QDIAs must be diversified to decrease probability of large losses; be managed

by an investment manager/company registered under the Investment Company Act of 1940; not

penalize or prevent a participant from transferring their assets from a QDIA to another investment

alternative available under the plan; and not invest participant contributions directly in employer

securities.45 Potential QDIAs include TDFs, BFs, and professionally managed accounts. Note that

plan sponsors and fiduciaries are not relieved of liability for the prudent selection and monitoring

of a QDIA.

A.1.2 Timeline

In January of 2005, a proposal regarding the funding of pensions was created, indicating new

minimum funding requirements for pension plans with the hope of strengthening the overall pension

system. Later that year, major pension reform bills were proposed in the House (The Pension

Protection Act) and the Senate (The Pension Security and Transparency Act). The PPA of 2006

resulted from negotiations between the House and the Senate conducted in March of 2006.46 The

final ruling was passed by the House on July 28, 2006, passed by the Senate on August 3, 2006, and

45DOL: EBSA Federal Register: 29 CFR Part 2550, October 24, 2007.
46Congressional Research Service Report for Congress, October 23, 2006.
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signed into law on August 17, 2006. On September 27, 2006, the DOL proposed rules regarding

“Default Investment Alternatives Under Participant Directed Individual Account Plans,” listing

TDFs among the set of QDIAs. These rules went into effect on December 24, 2007.

A.2 Public Statements Summarizing Advantages and Disadvantages of TDFs

Source for all quotes: DOL and SEC Joint Public Hearing on TDFs and Other Similar Investment

Options: June 18, 2009.

Advantages:

• “Target date funds were expected to make investing easier for the typical American and avoid

the need for investors to constantly monitor market movements and realign their personal

investment allocations.” SEC Chairman Mary Shapiro

• “Target Date Funds are one of the most important recent innovations in retirement savings.

They provide a convenient way for an investor to purchase a mix of asset classes within a

single fund that will rebalance the asset allocation and become more conservative as the

investor ages.” Karrie McMillan, general counsel of the Investment Company Institute

• “Target Date Fund investors avoid extreme asset allocations that we often observe in retire-

ment savings.” Karrie McMillan, general counsel of the Investment Company Institute

• “Target date funds were designed to be easy to use and require little maintenance.” Richard

Whitney, Director of Asset Allocation of T. Rowe Price

• “. . . the fundamental purpose of Target Date Funds is to provide investors a diversified,

prudently-managed, appropriate exposure to investment risks.” John Ameriks, economist

and principal at the Vanguard Group
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• “When evaluating the performance of Target date funds, it’s important to acknowledge the

extreme severity of the financial meltdown we have just experienced . . . in our view they

performed as designed. In particular, in the vast majority of cases, older investors were

exposed to far less risks than younger investors and consequently suffered less dramatic losses.”

John Ameriks, economist and principal at the Vanguard Group

• “. . . it is important for investors to stay committed to a retirement savings plan. Target

Date Funds are designed to help participants maintain this discipline.” Derrick Young, Chief

Investment Officer of the Fidelity Global Asset Allocation Group

Disadvantages:

• “While Target Date Mutual Funds currently do a good job of describing their objectives, risks

and glide paths, we do see gaps in the public understanding of target date funds.” Karrie

McMillan, general counsel of the Investment Company Institute

• “Retirees do a lot of different things with the money in these plans at the point of retirement,

and so there is some debate around exactly how the money is going to be used . . . it’s very

difficult to come up with a sort of specific answer that solves the problem for everybody.”

John Ameriks, economist and a principal at the Vanguard Group

• “We have serious concerns that these funds are fundamentally misleading to investors because

they’re allowed to be managed in ways that are inconsistent with reasonable expectations that

are created by the titles and the use of the names.” Marilyn Capelli-Dimitroff, Chair of the

Certified Financial Planner Board of Standards

• “Appropriate disclosures are required and must be provided, but in reality, disclosures are

seldom read or understood fully despite our ongoing education of clients.” Marilyn Capelli-

Dimitroff, Chair of the Certified Financial Planner Board of Standards
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• “When plan sponsors and participants started adopting TDFs in big meaningful numbers

starting in 2002, the race was on for performance numbers, and this is where the train went

off the track . . . There is some theoretical rationale for employing a glide path through the

accumulation phase. No credible rationale has ever been proffered for using a glide path in

the distribution phase. This is what caused the unacceptably large losses in 2010 funds in

2008.” Joe Nagengast, Target Date Analytics

• “. . . part of the concern here is when you have a fund of funds, it may become a lot easier to,

for example, hide under-performing funds in Target Date Funds, [or] hide higher fee funds

in a Target Date Fund that may not be completely appropriate.” Dave Certner, Legislative

Counselor and Legislative Policy Director at AARP

A.3 Decomposing TDF variation

In this section, we benchmark dispersion in TDF returns and risk-taking against both BFs and

S&P 500 index funds. In order to quantify the contribution of the cross-sectional dispersion on

the overall dispersion of returns, we compute three measures. We describe the measures for TDFs,

but they can just as easily be calculated for BFs and index funds. First, we compute the “Total

Dispersion,” the total standard deviation of returns for TDFs with a given target date.47 This is

the variability of realized TDF returns around the overall average return for that target date, and

measures the total risk faced by investors who invest in TDFs with target date j: in a balanced

panel, this variability can be thought of as the risk faced by an investor who is assigned randomly

to a TDF at the beginning of the sample, and who stays in that TDF for the remainder of the

47For target date j the Total Dispersion is defined as:

σ̂Tj =

√√√√ 1∑Tj

t=1 Njt

Tj∑
t=1

Njt∑
i=1

(rijt − rj)2,

where rijt is a TDF’s yearly return and rj is the average return across all TDFs with target date j and all years.
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sample. Second, we compute the “Market Dispersion,” the standard deviation over time of the

return on an equal-weighted portfolio of TDFs with a given target date.48 Third, we compute the

“Fund Dispersion,” the standard deviation within a given target date.49 In a balanced panel, this

is the extra risk that an investor bears because of having chosen the i-th TDF with target date

j, as opposed to an equal-weighted portfolio of TDFs with target date j. This general approach

can also be used to decompose the dispersion of alphas, idiosyncratic volatilities, betas, and R2s.

Results are presented in Table A.1.

We first focus on the variability of realized TDF returns. Looking across the five samples

of TDFs, we see that much of the risk associated with investing in TDFs comes from Market

Dispersion: Total Dispersion ranges between 14.0% and 18.9%, and Market Dispersion ranges

between 13.6% and 18.7%. However, consistent with our earlier findings, there remains significant

Fund Dispersion. Fund Dispersion ranges from 2.4% for 2035–2040 and 2045–2050 funds, to 3.2%

for 2005–2010 funds, confirming that there is more Fund Dispersion in realized TDF returns when

target dates are near than when they are far.

For BFs, which arguably have more discretion over asset allocation, market timing, and

security selection, Total Dispersion is 13.9% and Fund Dispersion is 5.1%. In contrast, for S&P

500 index funds, Total Dispersion is 17.9% and Fund Dispersion is only 0.5%. Hence, all five

target dates expose investors to greater Total Dispersion but less Fund Dispersion than traditional

BFs. Perhaps more surprisingly, 2035–2045 TDFs expose investors to greater Total Dispersion than

48 Market Dispersion is defined as:

σ̂Mj =

√√√√ 1∑Tj

t=1 Njt

Tj∑
t=1

Njt(rjt − rj)2,

where rjt is the year-t return on an equal-weighted portfolio of TDFs with target date j.
49Fund Dispersion is defined as:

√
σ̂2
Tj − σ̂2

Mj =

√√√√ 1∑Tj

t=1 Njt

Tj∑
t=1

Njt∑
i=1

(rijt − rjt)2.
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S&P 500 index funds, which invest close to 100% in U.S. equity. The patterns are similar when

we switch our focus from total returns to idiosyncratic returns (measured using the annualized

five-factor alphas from Table 3). On average, Fund Dispersion in idiosyncratic returns explains

approximately 70% of the Fund Dispersion in total returns.

When we turn to idiosyncratic volatility, we find that Fund Dispersion always exceeds

Market Dispersion, but by a modest amount. The differences between Fund Dispersion and Market

Dispersion are more pronounced for five-factor model R2s and U.S. equity betas. For R2s, Total

Dispersion ranges between 3.5% and 4.4%, and Market Dispersion ranges between 0.5% and 1.0%.

Overall, Table A.1 reveals that TDFs with the same target date expose investors to significantly

different levels of idiosyncratic and systematic risk. With respect to economic significance, the

dispersion within each sample of TDFs is about half as large as within the full sample of BFs.
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Table A.2: Number of mutual fund families and TDFs based on market share and whether they
entered post PPA

The top panel reports the number of mutual fund families that offer TDFs each year, based on their share in the TDF

market (low, medium, or high), and on whether they entered the TDF market before or after December 31, 2006

(pre-PPA versus post-PPA). The bottom panel reports the corresponding number of TDF-month observations. Note

that the total number of TDF-month observations exceeds those included in the regressions in Tables 8–10 because

we do not require that we possess sufficient historical return data to estimate five-factor alphas.

Number of Families

Pre-PPA Family Post-PPA Family All

Low Medium High Low Medium High

2000 1 0 3 0 0 0 4
2001 2 0 3 0 0 0 5
2002 2 2 2 0 0 0 6
2003 4 4 1 0 0 0 9
2004 5 5 3 0 0 0 13
2005 12 4 4 0 0 0 20
2006 16 5 4 0 0 0 25
2007 16 5 4 8 0 0 33
2008 17 5 4 17 1 0 44
2009 15 5 4 15 1 0 40
2010 14 6 4 14 1 0 39
2011 13 8 3 15 1 0 40
2012 11 8 3 14 1 0 37

Number of TDFs

Pre-PPA Family Post-PPA Family All

Low Medium High Low Medium High

2000 60 0 185 0 0 0 245
2001 115 0 192 0 0 0 307
2002 133 64 152 0 0 0 349
2003 165 207 99 0 0 0 471
2004 190 384 192 0 0 0 766
2005 575 394 315 0 0 0 1284
2006 1114 251 421 0 0 0 1786
2007 1335 418 468 436 0 0 2657
2008 1560 488 547 969 99 0 3663
2009 1471 704 588 1433 108 0 4304
2010 1411 926 701 1154 119 0 4311
2011 1229 1376 612 1154 120 0 4491
2012 1247 1555 611 1304 120 0 4837
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Table 7: Flows and performance

The unit of observation is the TDF offered by family i with target date j. The dependent variable is estimated

percentage net flow, measured over the 12 months ending in December of year t. The full set of independent variables

includes: the lagged net return, measured over the 12 months ending in December of year t−1; the lagged five-factor

alpha, measured over the same 12-month period; dummy variables that equal one if the lagged five-factor-alpha are

in the first, second, third, or fourth quartiles of the distribution for target date j in year t−1; the standard deviation

of lagged monthly flows in year t − 1; the lagged net flow in year t − 1; the natural logarithm of the number of

funds with target date j in December of year t; a dummy equal to one if the fund was introduced after December

2006; a dummy equal to one if the fund was offered by a family that entered the TDF market after December 2006;

the fund-level expense ratio measured in year t (reported by CRSP); the natural logarithm of the fund assets in

December of year t− 1; and the natural logarithm of the family assets in December of year t− 1. We control for both

year fixed effects and target-date fixed effects. The sample in the first four columns includes all TDFs with target

dates between 2005 and 2050 for which we observe the dependent and independent variables. The sample in the fifth

column includes all BFs offered by families that simultaneously offer at least one TDF in year t. Estimation is via

OLS. Standard errors are simultaneously clustered on family and year. ∗, ∗∗, and ∗∗∗ denote statistical significance

at the 10% level, 5% level, and 1% level, respectively.

Dependent variable: Net flow, year t

Sample: TDFs Balanced

Net return, year t− 1 0.361 0.159 0.240 0.505***
(0.420) (0.267) (0.242) (0.159)

5-factor alpha, year t− 1 2.430*** 2.009** 1.807*** 0.905*
(0.914) (0.844) (0.639) (0.472)

5-factor alpha in fourth quartile? 0.070*
(0.042)

5-factor alpha in third quartile? 0.010
(0.034)

5-factor alpha in second quartile? —

5-factor alpha in first quartile? −0.079***
(0.029)

Volatility of monthly net −8.616* −11.467 *** −11.666 *** −1.036
returns, year t− 1 (4.584) (2.804) (2.717) (1.150)

Net flow, year t− 1 0.308*** 0.304*** 0.447***
(0.019) (0.019) (0.039)

Ln number of funds with 0.103*** 0.052 0.040
target date j in year t (0.034) (0.079) (0.070)

Fund introduced after 2006? 0.335*** 0.082 0.075 0.114
(0.066) (0.058) (0.060) (0.177)

Fund managed by family entering −0.184** −0.045 −0.037 −0.002
TDF market after 2006? (0.090) (0.058) (0.063) (0.024)

Expense ratio, year t −0.058 −0.017 −0.011 −0.002
(0.038) (0.026) (0.026) (0.012)

Ln fund size, year t− 1 0.000 0.005 0.002 −0.009*
(0.021) (0.011) (0.011) (0.005)

Ln family size, year t− 1 0.027 0.007 0.008 0.002
(0.024) (0.013) (0.013) (0.009)

H0: Net return = 5-factor alpha? 0.001*** 0.002*** 0.015** 0.500

Calendar year fixed effects? Yes Yes Yes Yes Yes
Target date fixed effects? Yes Yes Yes Yes Yes
N 1,285 1,105 1,076 1,076 1,158
R2 15.04% 25.13% 51.09% 51.38% 38.67%
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Table 11: BrightScope sample: summary statistics

We obtained data on 16,766 investment menus from BrightScope, Inc. The unit of observation is retirement plan i

offered by firm j in industry k in 2010. The sample is limited to single-employer 401(k) and 403(b) retirement plans.

Plan-level characteristics include assets under management (across all investment options), the number of participants

with positive account balances, the age of the plan in years, and dummy variables indicating whether the plan is a

401(k) plan, whether it offers auto enrollment, whether it offers company stock as an investment option, whether it

offers any mutual funds as investment options, whether it offers mutual funds, separate accounts, or collective trusts

that behave like TDFs, whether it offers mutual fund TDFs, and whether it has a single record keeper (SRK). For

the subset of 7,687 plans that offer TDFs and have a single record keeper that is an asset management firm, we

calculate the fraction of TDFs and non-TDFs that are managed by the SRK. We report several measures of firm

risk. For those firms with publicly-traded equity, we estimate a CAPM beta (using the 24 monthly stock returns

through December 2009). In addition, we report the standard deviation of actual monthly returns (over the same 24

months), the standard deviation of predicted monthly returns (based on the CAPM beta and return on the market

portfolio), and the standard deviation of the residual monthly returns. To determine the industry-level CAPM beta,

we assign each firm the median CAPM beta of the sample of publicly-traded firms that share the same first 3 digits of

the North American Industrial Classification System (NAICS). To measure mutual fund risk, we estimate a CAPM

beta (using the 24 monthly fund returns through December 2009). We report estimated betas separately for TDFs

with target retirement dates of 2010, 2020, 2030, 2040, and 2050, for the full sample of TDFs, and for the sample

of non-TDFs. The number of observations varies both because not all plans offer TDFs and because not all mutual

funds could be matched to CRSP.

N Mean Std. Dev. Min Max

Plan characteristics in 2010
Assets (in millions) 16,766 134.62 708.67 0.01 36,741.60
Number of participants (in thousands) 16,766 2.00 8.08 0.00 306.61
Plan age in years 16,766 22.94 13.45 0.00 95.00
401(k) plan? 16,766 0.91 0.29 0.00 1.00
Auto enrollment? 16,766 0.23 0.42 0.00 1.00
Offers company stock? 16,766 0.13 0.33 0.00 1.00
Offers any mutual funds? 16,766 0.85 0.36 0.00 1.00
Offers any TDFs? 16,766 0.66 0.47 0.00 1.00
Offers mutual fund TDFs? 16,766 0.50 0.50 0.00 1.00
Single record keeper (SRK)? 16,766 0.75 0.43 0.00 1.00
Fraction of TDFs managed by SRK? 7,687 0.73 0.44 0.00 1.00
Fraction of non-TDFs managed by SRK? 7,687 0.38 0.27 0.00 1.00

Measures of firm risk in 2009
CAPM beta (firm-level) 1,740 1.37 0.91 -1.26 8.65
Standard deviation of total returns 1,740 0.17 0.10 0.04 1.27
Standard deviation of predicted returns 1,740 0.10 0.06 0.00 0.60
Standard deviation of residual returns 1,740 0.14 0.08 0.03 1.12
CAPM beta (3-digit industry-level) 16,301 1.21 0.48 0.14 2.57

Measures of mutual fund risk in 2009
CAPM beta of 2010 TDF 6,677 0.63 0.07 0.40 0.90
CAPM beta of 2020 TDF 7,581 0.78 0.06 0.63 1.00
CAPM beta of 2030 TDF 7,491 0.91 0.04 0.76 1.03
CAPM beta of 2040 TDF 7,641 0.96 0.04 0.85 1.04
CAPM beta of 2050 TDF 6,504 0.98 0.04 0.87 1.04
Average CAPM beta of mutual fund TDFs 8,277 0.79 0.06 0.32 1.02
Average CAPM beta of other mutual funds 14,064 0.83 0.15 -1.69 1.58
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A Investor’s utility costs

In this section, we analyze the utility costs that a TDF investor is exposed to when: (i) the TDF

equity allocation differs from the optimal allocation; (ii) the TDF equity allocation differs from

the optimal allocation and there is uncertainty surrounding the equity premium; (iii) the TDF

manager generates idiosyncratic risk, and this idiosyncratic risk is not accounted for in the TDF’s

asset allocation choice. The analysis is cast in a simple mean-variance setting with investment in

the equity index and a risk-free asset. This setting allows us to derive simple analytical closed-form

expressions for the utility costs associated with sub-optimal policies. Obviously, the quantitative

implications of our analysis only have illustrative value, as our model abstracts from the inter-

temporal and human capital considerations that are the very motivation for the glide paths offered

by TDFs.

A.1 The basic setting

Assume individual investors have utility defined over the first two moments of yearly portfolio

returns, and the investor can invest in equities and the risk-free asset:

U = rf + wµ− γ

2
w2σ2, (1)

where rf is the risk-free rate, w is the equity allocation, µ is the equity risk premium, and σ is

equity volatility. Note that the utility function above equals the certainty-equivalent return (CER)

of the portfolio.

The optimal equity allocation is:

w? =
µ

γσ2
. (2)

1



Let x ≡ w −w∗ denote the difference between the actual equity allocation and the optimal alloca-

tion. The difference in CERs between the optimal and the actual allocations is a measure of the

utility cost: it is (approximately) the percentage of wealth that an investor facing the sub-optimal

allocation would be willing to forgo, to be able to implement the optimal allocation instead of the

sub-optimal allocation.1 We have:

CER? − CER = (w? − w)µ− γ

2
[(w?)2 − w2]σ2

≡ xµ+
γ

2
(x2 − 2xw?)σ2

=
γ

2
σ2x2 + (µ− w?γσ2)x

=
γ

2
σ2x2. (3)

For a given departure from optimality x, the utility cost increases with γ and σ. While the Envelope

Theorem tells us that departures from optimality do not matter in a neighborhood of x = 0, as the

departures increase in (absolute) magnitude, so do the utility costs, which are increasing in both

the risk aversion of the investor and the volatility of equity returns.

The point above is illustrated in Figure 1, where we plot the utility costs of departures from

optimality, as a function of the absolute size of the deviation, for different values of γ, assuming

σ = 0.205—the same value chosen by Gomes et al. (2009). The costs are reported in percentage

points and are scaled by 45, the time horizon of an investor who starts saving at 21 and plans to

retire at 65.2 To get a sense of the magnitudes involved, for a relatively minor departure from

optimality of 10%, the utility cost for an investor with γ = 8 is 7.46%.

1This is the measure of utility costs used, for example, in Balduzzi and Lynch (1999).
2This would be the difference in CERs for an investor facing i.i.d. returns, and who has preferences over the mean

and variance of T -period simple returns:

U = Trf + w(Tµ)− γ

2
w2(Tσ2).

2



A.2 The effect of parameter uncertainty

We now assume that the equity premium µ is not known and that the posterior density of the

equity premium has volatility σµ (for simplicity, we assume that the volatility of equity returns σ

is known). A Bayesian investor chooses:

w? =
µ

γ(σ2 + σ2
µ)
, (4)

where σ2 +σ2
µ is the variance of the predictive density of returns.3 So, the uncertainty surrounding

the mean estimate reduces the optimal allocation to the risky asset.

When we compute the utility cost of a sub-optimal allocation, we have:

CER? − CER =
γ

2
(σ2 + σ2

µ)x2. (5)

Hence, uncertainty surrounding the equity premium increases the utility cost associated with a

given departure from optimality.

A.3 The role of idiosyncratic risk

Assume that the TDF, by performing security selection, may outperform or underperform the

equity index, but adds idiosyncratic risk to the portfolio. There are now two possible sources of

utility costs. First, assume that idiosyncratic risk is ignored by the fund manager. Given her

preferences, the investor would want the equity allocation:

w?α =
µ+ α

γ(σ2 + σ2
ε )
, (6)

3This follows from the fact that Var(r|X, σ,m) = Var(r|µ) + Var(µ|X, σ,m), where r denotes the equity return,
X denotes a vector of data realizations, and m denotes the mean of the prior density.

3



where α denotes the expected idiosyncratic return and σε is the volatility of the idiosyncratic return.

Instead, the fund manager ignores α and σε and selects:

w =
µ

γσ2
. (7)

The utility cost of ignoring the idiosyncratic component of returns is (see equation (3)):

CER?
α − CER =

γ

2
(σ2 + σ2

ε )(w − w?α)2. (8)

As in equation (3), the utility cost is increasing in γ and in the total volatility of the returns on

the equity allocation.

The second utility costs arises even if the manager optimally accounts for the mean and

volatility of idiosyncratic returns. Without idiosyncratic risk, the maximized CER is:

CER? = rf + w?µ− γ

2
(w?)2σ2 = rf +

µ2

γσ2
− γ

2

µ2

γ2σ4
σ2 = rf +

1

2

µ2

γσ2
, (9)

where rf denotes the risk-free rate. With idiosyncratic risk, the maximized CER is:

CER?
α = rf +

1

2

(µ+ α)2

γ(σ2 + σ2
e)
. (10)

Hence, the utility cost from investing in a TDF that allocates optimally, but has idiosyncratic risk,

as opposed to investing in a TDF that allocates optimally, and has no idiosyncratic risk, is:

CER? − CER?
α =

1

2γ

[
µ2

σ2
− (µ+ α)2

σ2 + σ2
e

]
. (11)

This cost decreases with γ, as a higher γ reduces the maximized CER, regardless of whether there

4



is idiosyncratic risk. This cost increases with σε, as higher idiosyncratic risk reduces the maximized

CER in the presence of idiosyncratic risk.

If we sum up the two utility costs,

CER?
α − CER + CER? − CER?

α = CER? − CER, (12)

we obtain the total utility cost of being invested in a TDF that generates idiosyncratic risk in its

equity allocation, but allocates funds ignoring the idiosyncratic risk, relative to a fund that does

not generate idiosyncratic risk.

The point above is illustrated in Figure 2, where we use the same assumptions as in Figure

1, and we set α = −0.007, σε = 0.01.4 In this case, a 10% deviation from optimality leads to an

11.02% utility cost.

4These values are based on the pooled average annual alpha and average annual idiosyncratic volatility in our
sample.
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Figure 1: This figure plots CER? − CER as a function of |w? − w|.
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B Inconsistencies in CRSP equity holdings data

In the earlier versions of this paper, we used CRSP data on allocations to equity, bonds, and cash,

to document dispersion in TDF glide paths. However, after downloading a version of the CRSP

mutual fund database that extended our sample through 2012, we lost faith in the quality of these

CRSP variables. (This is why, in the current version, we test for dispersion in glide paths by testing

for dispersion in factor loadings estimated using daily returns.)

This section of the appendix documents significant differences in the fraction of a TDF’s

portfolio invested in common stock (PER COM) between the old and new versions of the CRSP

data. CRSP changed data vendors, resulting in “new” historical data for PER COM from 1998 to

the present. Table B.1 compares the availability of equity holdings data for 5,870 share class-level

observations between 1994 and 2009. We observe either PER COM OLD or PER COM NEW

for 93.3% of the observations. However, we possess both PER COM OLD and PER COM NEW

for only 77.0% of the observations. Moreover, the correlation between PER COM NEW and

PER COM OLD is only 0.5608. Because TDFs are structured as funds of funds they disclose

their holdings of the underlying funds rather than their indirect holdings of equity and debt. This

likely explains the large number of observations for which PER COM NEW or PER COM OLD is

missing or coded as zero.

Table B.2 calculates the average difference between PER COM NEW and PER COM OLD

for different samples of TDFs. The unit of observations is TDF portfolio i in calendar year t. We

drop any TDF-year observation for which PER COM NEW or PER COM OLD equals zero. The

average difference is close to zero, but there are significant differences across calendar years (-11.8%

in 2004 to 16.9% in 2006), target date differences (6.4% for 2010 TDFs and -4.2% for 2050 TDFs),

and target-date-year cells (-24.9% to 32.0%).
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Table B.1: Comparing equity holdings in NEW and OLD versions of CRSP Mutual Fund Data

This table compares equity holdings data from two different versions of the CRSP mutual fund database. The OLD

version was downloaded from WRDS in 2010 and the NEW version was downloaded in 2013. The sample is limited

to TDFs. The unit of observation is share class i in year t. We observe equity holdings (PER COM) from both

versions for 77.0% of the observations. The correlation between PER COM NEW and PER COM OLD is 0.5608.

ALL NEW or OLD NEW and OLD NEW only OLD only Neither

# # % # % Corr. # % # % # %

1994 10 10 100.0% 10 100.0% 1.0000 0 0.0% 0 0.0% 0 0.0%
1995 10 10 100.0% 10 100.0% 1.0000 0 0.0% 0 0.0% 0 0.0%
1996 15 15 100.0% 15 100.0% 1.0000 0 0.0% 0 0.0% 0 0.0%
1997 18 18 100.0% 18 100.0% 1.0000 0 0.0% 0 0.0% 0 0.0%
1998 24 19 79.2% 0 0.0% 0 0.0% 19 79.2% 5 20.8%
1999 35 30 85.7% 0 0.0% 0 0.0% 30 85.7% 5 14.3%
2000 36 22 61.1% 0 0.0% 0 0.0% 22 61.1% 14 38.9%
2001 69 31 44.9% 0 0.0% 0 0.0% 31 44.9% 38 55.1%
2002 87 37 42.5% 6 6.9% 0.9969 0 0.0% 31 35.6% 50 57.5%
2003 146 57 39.0% 30 20.5% 0.9097 15 10.3% 12 8.2% 89 61.0%
2004 261 134 51.3% 35 13.4% 0.5523 30 11.5% 69 26.4% 127 48.7%
2005 460 426 92.6% 208 45.2% 0.4194 104 22.6% 114 24.8% 34 7.4%
2006 690 670 97.1% 505 73.2% 0.3880 45 6.5% 120 17.4% 20 2.9%
2007 1,069 1,063 99.4% 846 79.1% 0.3137 34 3.2% 183 17.1% 6 0.6%
2008 1,476 1,472 99.7% 1,394 94.4% 0.7862 30 2.0% 48 3.3% 4 0.3%
2009 1,464 1,461 99.8% 1,445 98.7% 0.7010 9 0.6% 7 0.5% 3 0.2%

ALL 5,870 5,475 93.3% 4,522 77.0% 0.5608 267 4.5% 686 11.7% 395 6.7%

9



Table B.2: Changes in equity holdings from OLD to NEW versions of CRSP Mutual Fund Data

This table reports the average difference between PER COM NEW and PER COM OLD. The unit of observation is

portfolio i in year t. The sample is limited to TDFs for which we observe both PER COM NEW and PER COM OLD,

and for which neither variable equals zero.

2010 2020 2030 2040 2050 ALL

2002 -0.19% -2.24% -1.92% -1.45%
2003 -5.05% -7.18% -6.79% -0.83% -4.96%
2004 -0.80% 0.40% -24.94% -21.91% -11.81%
2005 7.80% 23.65% 5.50% 8.35% 1.86% 10.68%
2006 32.00% 27.26% 12.95% 3.12% 4.72% 16.91%
2007 22.69% 23.59% 11.61% 4.82% 5.77% 13.76%
2008 -4.14% -4.40% -5.68% -5.59% -6.99% -5.39%
2009 -5.89% -6.36% -6.30% -6.48% -7.25% -6.48%

ALL 6.39% 4.75% -0.07% -2.52% -4.22% 0.80%
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