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ABSTRACT

Target Date Funds (TDFs) are designed to provide unsophisticated or inattentive investors
with age-appropriate exposures to different asset classes like stocks and bonds. The rise of TDFs
has moved a significant share of retirement investors into macro-contrarian strategies that sell
stocks after relatively good stock market performance. This rebalancing drives contrarian flows
across equity mutual funds held by TDFs, stabilizing their funding, and reduces stock returns
for stocks disproportionately held by these funds when stock market returns are relatively high.
Continued growth in TDFs and similar investment products may dampen stock market volatility
and increase the transmission of shocks across asset classes.
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Over the past two decades, one of the most important financial innovations for the typical American
retail investor has been the development and spread of Target Date Funds (TDFs, also called life-
cycle funds). A TDF is a fund of funds that invests in a number of mutual funds so as to maintain
given fractions of its assets in different asset classes, such as stocks and bonds. The specific asset
allocation depends on the time until the investor’s expected retirement date, which is the fund’s
target date. As time passes and its investors age, the TDF shifts the portfolio allocation automatically
from a higher equity share to a lower stock-market exposure, following the prescriptions of life-cycle
models of optimal portfolio choice.!

The rise in TDFs has been dramatic. The capital invested in TDFs and other balanced funds
rose from under $8 billion in 2000 to almost $6 trillion in 2021, about 22% of the $27 trillion held
in US mutual funds.? This rapid growth was facilitated by the Pension Protection Act (PPA) of
2006, which qualifies both TDFs and Balanced Funds (BF) as default options in defined-contribution
retirement saving plans. Similar strategies that automatically stabilize the share of an investor’s
portfolio in different asset classes have recently been incorporated into a broader set of investment
products, such as some automated advisory programs (e.g. model portfolios).

In this paper, we analyze the market-wide impact of TDFs on retail investor behavior. We
focus on the fact that TDF strategies are macro-contrarian: after high stock market returns, TDFs’
strategies require that they sell stocks to return to their prescribed asset allocations within a short
period of time. Historically, a majority of retirement and retail investors are either passive — letting

their portfolio shares rise and fall with the returns on different asset classes — or they are active and

IMerton (1969), Viceira (2001), Cocco, Gomes, and Maenhout (2005), Duarte et al. (2021) study the characteristics
of the optimal mix of stocks and bonds as people age. Campbell (2016) Section 5.1 discusses some of the benefits and
pitfalls of TDFs as a solution to the life cycle portfolio problem.

20f this, $3.2 trillion was in TDFs including $1.4 trillion in target date collective investment trusts (CITs) which invest
like TDFs but have lower fees than the equivalent mutual funds and are primarily used by large employers. Dollar

amounts are from Investment Company Fact Book 2022, figures 2.2, and Morningstar Target Date Strategy Landscape 2022.



tend to reallocate their assets into asset classes or funds with better past performance, a behavior
known as positive feedback trading or momentum trading that can amplify price fluctuations.® In
contrast, by rebalancing to maintain age-appropriate asset allocations, TDFs trade against excess
returns in each asset class, selling stocks and buying bonds when the stock market outperforms
the bond market, and vice versa. The market-wide impacts of this contrarian behavior was not the
primary intent of the product design of TDFs which was simply to improve the individual-level
portfolio choices of inattentive or unsophisticated retail investors.

We have three main findings. First, following high stock market returns relative to bond returns,
TDFs sell equity and buy fixed income mutual funds to move their portfolios back towards the
desired stock-bond mix within a few months, consistent with their mandates (and the reverse
following low relative equity returns). Second, as a result of this rebalancing, following high relative
equity returns, equity mutual funds with larger ownership by TDFs experience lower net inflows
than equity funds with smaller or nonexistent TDF ownership. Thus, TDF ownership stabilizes the
fund flows to equity mutual fund. Similarly, bond funds with higher TDF ownership experience
bigger net inflows following high relative equity returns. Third, we find evidence that stocks
with higher TDF ownership (through the mutual funds held by TDFs) have lower returns after
higher market performance consistent with the automatic rebalancing by TDFs, which leads them

to sell stocks.* In contrast to equities, rebalancing by TDFs does not appear to affect the prices of

3 Agnew, Balduzzi, and Sunden (2003) and Ameriks and Zeldes (2004) show widespread passivity of retail investors
in retirement accounts and De Long et al. (1990), Hong and Stein (1999), Lou (2012), and Vayanos and Woolley (2013)
discuss the effects of momentum trading on stock returns. In contrast, Calvet, Campbell, and Sodini (2009) shows that
retail investors in Sweden rebalance against idiosyncratic returns to offset about half of the passive changes in asset
shares.

4Supporting this interpretation, we find this pattern of returns when we focus on variation in TDF ownership that is
quasi-exogenously prompted by inclusion in the S&P 500 index, and do not find this pattern in the period before the rise
of TDFs.



underlying bonds, potentially because funds engage in liquidity management that reduces the price
impact.

Our first result confirms that TDFs rebalance across asset classes according to the desired asset
allocation prescribed by their glide paths. An average TDF initially allocates 80 to 90 percent of
its assets to diversified equity funds and the remainder to bond funds until 25 years before the
target retirement date, at which point the equity share typically starts to decline smoothly over time
to reach 30 to 40 percent 10 years after the target date. These shares are independent of market
performance, so that differences in desired shares imply differences in trading behavior across TDFs
in response to differential asset class returns. The amount of rebalancing by a TDF is a quadratic
function of the desired equity share with a maximum at 50%. When the stock market returns 20%
more than the bond market, a fund with a 50% desired equity share needs to convert 4.5% of its
portfolio from stocks to bonds. In contrast, a TDF invested entirely in one asset class would not
have to rebalance at all.

Using quarterly data on TDF holdings during 2008-2018 and monthly returns, we find that TDFs
rebalance across equity and fixed income mutual funds within a few months largely as predicted
by their desired equity shares given realized asset returns. Following monthly differential returns
between asset classes, we estimate that roughly 45% of the predicted rebalancing is implemented in
the same month, 25% in the following month, and another 10% with a two-month lag.5 Passive
TDFs (TDFs with more than 50% of assets invested in index funds) follow predictions quite closely
and rebalance more rapidly. Consistent with the quadratic relationship between desired equity
share and required rebalancing, we observe a greater magnitude of rebalancing in the group of

TDFs with more equal allocations between equity and bonds. These are also the TDFs that have the

SRebalancing over months is consistent with practitioners’ statements that active TDFs do not employ fixed trading

schedules, do not tightly adhere to target allocations, and rebalance across asset classes to minimize price impact.



most assets under management, since this asset allocation applies to older people.

Second, we show that the contrarian trading of TDFs in response to excess stock returns has
become a quantitatively significant part of equity and bond fund flows. Importantly, this result
shows that pro-cyclical flows to and out of TDFs does not off-set the contrarian rebalancing within
the TDFs. For an excess return on the stock market of 10% in a month, the average equity mutual
fund receives additional investment flows that increase its size by 0.4-0.8% in that month. Using
differences across funds in the degree of TDF ownership, these flows are reduced by more than
20% for mutual funds with a 10% TDF ownership, which is the mean percent held by TDFs among
the sample of funds with non-zero TDF ownership at any time during the period. We estimate
that TDF rebalancing in aggregate offsets about 20% of aggregate “trend-chasing” flows by retail
and institutional investors in mutual funds. In sum, at both the individual-fund level and at the
aggregate level, the investor flows into equity mutual funds in response to excess stock returns are
mitigated by TDF contrarian trading.

We also find that bond fund flows respond as we predict, but more slowly, likely due to the
use of derivatives or cash holdings to mitigate price impact. When the aggregate stock market
outperforms the bond market by 10%, the average corporate bond fund experiences higher inflows
in the same month, so that TDFs contribute to bond fund flows mainly with a one month delay.

Third, we show that following positive excess returns on the stock market, contrarian trading by
TDFs decreases returns on the stocks that TDFs hold disproportionately more of. Given the share of
each fund held by TDFs and the stocks held by each fund, we calculate the (indirect) stock level
holdings by TDFs. Stocks with higher indirect TDF investment tend to be larger with higher market
beta, more liquid, and of higher-growth companies. Looking across all stocks while controlling
for characteristics, greater TDF ownership is associated with lower individual stock returns in the

same month as high stock market returns and in the following month. Specifically, when the excess



return of the equity asset class is 1% in a month, stocks with a one standard deviation (0.7%) higher
share of TDF ownership have a 2.8 basis point lower four-factor adjusted return in the same month.
The timing of the price effect is consistent with the speed at which different types of TDFs rebalance;
some large passive TDFs (which hold index funds in their portfolios) tend to rebalance within a day,
while active TDFs (which hold actively managed funds) can rebalance over a month or two.

Four pieces of evidence suggest that this price impact is not driven by other characteristics of
stocks that are correlated with TDF ownership share. First, by controlling for lagged returns, we
show that the well-known short-term reversal in stock returns does not explain our results. Second,
we control for the effects of a full set of stock characteristics (including size, trading volume, market-
to-book, dividend yield, profitability, investment, liquidity, and general mutual fund ownership
that is not through TDFs) on the sensitivity of stock returns to asset class movements. Third, we
find that there is no correlation between our measure of TDF ownership share and individual stock
returns following aggregate market returns during 1987-2005, prior to the PPA and so prior to
the rise of TDFs. Fourth, we also show that stocks that are included in the S&P 500 index have
both discretely higher TDF ownership especially by active TDFs (statistically significant) and lower
returns in the month following excess stock market returns (statistically significant and the timing
consistent with the speed of active TDF rebalancing) than stocks not included in the index that are
otherwise similar (matched on industry, size and liquidity). However, these effects are statistically
weak under a two-stage least squares specification.

Given the size of TDFs and balanced funds, the price impact of their contrarian trading implies
a demand elasticity of -0.3 after we scale TDF investment to account for all target-date collective
investment trusts (privately negotiated versions of TDFs in retirement plans) and balanced funds,
meaning that purchasing 1% of the market capitalization of a stock would raise its price by 3%. This

price response appears large, but there are other funds and strategies that at least partly trading



alongside TDFs, which would imply a smaller price response per unit change in holding. As we
discuss in Section B, these funds include model portfolios, hedge funds that follow a “risk-parity”
strategy, and some pension funds and endowments.

Why don’t other market participants arbitrage away the price impact of these contrarian trading
strategies? One possibility is limits to arbitrage. Trading ahead of TDFs and similar funds may be
risky due to uncertainty in the timing and magnitude of the TDF contrarian trades as well as due to
the size of those funds (which may make their trades represent a risk factor, as in Dou, Kogan, and
Wau, 2020). Further consistent with a high risk of arbitrage against TDF rebalancing trades, we find
that the price effect of TDFs lasts for about three months.

However, a potentially more important reason is that contrarian trading by TDFs appears to
be profitable during this time period, so that arbitrage capital may have joined rather than traded
against TDFs. This profitability is consistent with the fact that the macro-contrarian strategies of
TDFs trade against trend-chasing retail investors. To provide some evidence on this argument,
we calculate the risk-adjusted returns from a long-short strategy that buys low-TDF stocks and
shorts high-TDF stocks when equity outperformed bonds in the previous month. This strategy
trades in the same direction as predictable trades by (mostly active) TDFs. This strategy earned
a risk-adjusted cumulative return of 20 to 40% during 2010-2018 (or about 20-40 basis points per
month), which suggests that it was not profitable (in a risk-factor-adjusted return sense) to trade
against TDFs.

We do not find similar effects of TDF contrarian trading on bond prices, despite the fact that
we do find that TDF rebalancing has significant effects on bond mutual fund flows in the expected
direction. Section VII discusses two main reasons for this difference: the use of derivatives and
liquidity management.

Our findings have several implications. First, the contrarian rebalancing of TDFs dampens the



price responsiveness of the stock market. A back-of-the-envelope calculation suggests that, for TDFs
and balanced funds today, this effect is currently too small to be statistically detected for aggregate
market movements. However, if financial products that embed these strategies continue to grow,
the size of this effect may grow. In that case, these strategies will both increase market efficiency by
smoothing out sentiment-driven fluctuations and worsen market efficiency by dampening price
responses to dividend news and investor effective risk aversion.

Second, because TDFs actively re-balance between stocks and bonds, they add to co-movement
in returns between these markets. An implication of this is that TDFs propagate movements in
interests rates from bond markets to stock markets, for example expansionary monetary policies
such as quantitative easing. Again, this effect is likely very small at the moment but would increase
if retail investors continue to move money into these types of investment strategies.

Finally, our results suggest that to the extent that market momentum or other anomalies are (or
were) due to trend-chasing by retail investors, these anomalies may disappear (or may have already
disappeared) as more retail investor money follows market-contrarian strategies. Of course all of
these effects may be mitigated by the responses of other investors or by TDFs themselves as their

investment strategies evolve and/or respond to changing return dynamics.

Related Literature Our paper contributes to the literature documenting that aggregate mutual
fund flows can impact equity prices at the asset-class level (Warther, 1995; Edelen and Warner, 2001;
Ben-Rephael, Kandel, and Wohl, 2011; Da et al., 2018).6 In contrast, the literature on bond funds
finds limited price impact of fire sales due to the liquidity buffer of mutual funds (Choi et al., 2020;
Ma, Xiao, and Zeng, forthcoming). The type of fund flows examined in our paper is distinct from

the literature in several dimensions. Most importantly, while the existing literature studies net

6See Peng and Wang (2021); Ben-David et al. (2021) and Coval and Stafford (2007); Lou (2012); Dou, Kogan, and Wu

(2020) for evidence that fund flows affect factor-level and stock-level prices.



fund flows that combine decisions by all investors, we focus on flows caused by largely mechanical
rebalancing rules. In that sense our paper is closely related to Da et al. (2018), Evans and Sun (2021),
and Ben-David et al. (forthcoming) which study flows that follow from changes in ratings. The
rebalancing flows we study are also unique in that they are contrarian, and work against the effect
of typical mutual fund flows (i.e., momentum) which has been the focus of much of the previous
literature.

Our paper is also broadly related to the literature showing that aggregate demand is inelastic,
and therefore shifts in institutional demand can generate large price impact (Koijen and Yogo, 2019;
Gabaix and Koijen, 2020). Most closely related to our paper, Haddad, Huebner, and Loualiche
(2021) argues that the rise of passive investing, working in the opposite direction as the rise of TDFs,
lowers the elasticity of aggregate demand.

There is a substantial amount of evidence that the rise of TDFs followed from financial innovation
and regulatory changes and altered investor portfolio behavior. In particular, Mitchell and Utkus
(2021), using data from one large 401(k) provider, shows that plan-level features, such as auto-
enrollment, are key drivers of TDF adoption, and make a sizable impact on the portfolios of the
adopters (see also Chalmers and Reuter, 2020; Parker et al., 2022). And there is substantial work on
differences across TDFs and its causes and impact on investors (Balduzzi and Reuter, 2019; Shoven
and Walton, 2020; Brown and Davies, 2020; Massa, Moussawi, and Simonov, 2020).

The remainder of the paper is structured as follows. Section I provides institutional background.
Section II describes the data sources. Section III and Section IV show that TDFs rebalance across
asset classes according to prediction, which has contrarian effects on equity and bond mutual fund
flows. Section V details the effect of TDFs and similar investment vehicles on stock returns. Section
VI shows that trading that mitigates the TDF price impact was not profitable during our sample

period. Section VII explains the reasons that the effect of TDFs on the bond market is limited.



Section VIII discusses further implications of TDFs and similar vehicles for the aggregate market

dynamics, and Section IX concludes.

I. Background of target date funds

This section describes TDFs, target date collective investment trusts (CITs), and balanced funds
(BFs), which most TDFs transition into shortly after they reach their target dates. We discuss other
mixed-asset-class funds which have pre-determined asset allocations to equity and bonds and
engage in similar rebalancing activities in Section B. Our main analysis focuses on the rebalancing
behavior of TDFs because their holdings can be measured well and because their rapid rise affects
the investment behavior of trillions of dollars of assets held by retail investors (as discussed in the
introduction).

Target date funds TDFs are funds-of-funds that invest in equity and fixed income mutual funds.
TDFs seek to maintain given exposures to different asset classes, with the shares based on the time
to “target date.” Most TDFs typically start with a large desired share of equity — on the order of 90
percent — until roughly 25 years before retirement, at which point the desired equity share declines
smoothly over time to reach roughly 40 percent ten years after the target date. The sharp rise of
TDFs followed the passage of the Pension Protection Act in August of 2006. The PPA qualifies TDFs
to be used as default options in 401(k) retirement saving plans. As shown by the dark blue area in
Figure 1, total assets invested in TDFs increased from less than $8 billion in 2000, to $109 billion at
the end of 2006, and then rapidly increased to $1.8 trillion at the end of 2021. TDFs with retirement
years in 2020-2040 account for the majority of this increase (see Appendix Figure A.1). In 2021, $1.2
trillion out of the $1.8 trillion TDF assets are held in 401(k) plans (67%) and $336 billion are held

through IRAs (19%) (ICI Factbook, 2022, Figure 8.20).

[FIGURE 1 ABOUT HERE]
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TDFs can be classified into “active” or “passive,” based on the characteristics of the underlying
mutual funds. Figure 2 plots the distribution of fractions of index funds in TDF portfolios. About
21% of the TDFs are purely index, 25% are purely active, and the rest of TDFs (about half of all
observations) are “hybrid,” meaning that they hold a mixture of index funds and actively managed
funds. Following the terminology in the industry, we classify a TDF as “passive” if more than 50%
of its assets are invested in index funds, and “active” if less than 50% of its assets are in index funds.
According to practitioners, passive TDFs stick closer to their glide paths and rebalance faster than

active TDFs do.

[FIGURE 2 ABOUT HERE]

Collective investment trusts Some target date funds are structured as collective investment
trusts (CITs). Large plan sponsors (employers) can negotiate with providers for lower fees or other
customization, and CITs allow for these plan-specific fee arrangements. According to Morningstar
estimates, total assets invested in CITs are approaching the same size as that invested in target date
mutual funds as of 2021 and are growing rapidly.

Unlike mutual funds which are regulated by the Securities and Exchange Commission (SEC)
under the Investment Company Act of 1940, CITs are not subject to SEC regulation and do not file
annual reports with the SEC. As a result, data on CITs are generally difficult to obtain. However,
the large target-date CITs are simply lower-fee versions of their mutual fund counterparts, and we
make the assumption that holdings of CITs overlap with those of TDFs. TDFs and CITs managed
3.2 trillion dollars at the end of 2021 (Figure 1).

Balanced funds Balanced funds (BFs) hold equity and bonds with fixed weights — typically
60% equity and 40% fixed income — but do not adjust the weights over time. Many TDFs turn into
balanced funds-of-funds after reaching the bottom of their glide paths and behave much like their

TDF “parent” funds. Some BFs are funds-of-funds investing in other mutual funds thus pursuing
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similar strategies as TDFs (Figure B.2 panel A), but others invest directly in stocks and bonds, or
hold a combination of mutual funds and individual securities (Figure B.2 panel B). While these
BFs also need to rebalance after excess asset class returns, their rebalancing involves endogenous
security selection, and thus the impact across individual stocks can be different from that of TDFs.
Figure 1 shows that the total assets invested in TDFs, target date CITs, and BFs together were at

slightly less than $6 trillion by the end of 2021.

II. Data

Our analysis and data are organized along three levels: TDFs, the underlying mutual funds they
hold, and the securities TDFs invest in through these underlying mutual funds.

TDFs We obtain quarterly fund characteristics and holdings of TDFs from the CRSP Mutual
Fund Database. TDFs are identified from fund names containing target retirement years at five-year
intervals ranging from 2000 to 2065, then manually cleaned using the TDF series names listed
in the Morningstar annual TDF research reports. Most holdings of TDFs are other mutual funds
which we link to the CRSP Mutual Fund Database using the CUSIP codes of the share classes. We
use this matching to categorize each holding as domestic equity, foreign equity, or fixed income.
Though funds may have different fiscal quarters, calendar-quarter-end is voluntarily reported in
most cases (Schwarz and Potter, 2016). We therefore keep the TDF holdings data at the level of
calendar quarters to unify the timing across funds.

We restrict the TDF sample in the following ways. First, we drop observations where the value
of a holding is larger than the total net assets (TNA) of the mutual fund share class, or where the
sum of holdings (including mutual funds and cash) is above 110% or below 90% of the TNA of
the TDF, because these are possible data errors or TDFs whose holdings cannot be well identified.

Second, we drop cases where a TDF’s size increases by more than 50% from the previous quarter,
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to exclude fund mergers, and where the equity share of a TDF shifts by more than +5% from the
previous quarter, to exclude glide path adjustments (see Figure A.2 for an example of glide path
adjustment). Further, we exclude small TDFs with TNA below $10 million. These restrictions serve
to avoid mis-measurement and outliers in TDFs’ trading behavior which may be mis-classified
as rebalancing. We follow these restrictions throughout the paper. They improve the fit of our
rebalancing model, but do not affect the results on fund flows or asset returns in any significant
way.

Table I presents the summary statistics on the TDFs in our final sample. 33% of the TDFs in our
panel are classified as passive. The mean asset size is $2.6 billion while the median is $410 million,
implying a high degree of market concentration. Each TDF on average holds 15 mutual funds. The
average equity weight is 74% , out of which 47% is in domestic equity and 27% in foreign equity,
and the fixed income weight is 26%, including 3% held in cash. The fund flow rate to TDFs suggests
high growth during this period — the average TDF grows by 4.7% per quarter from net inflows. The
allocations of new flows have an impact on TDF trading, and as will be explained in Section III, we
subtract “flow-driven” trades by TDFs from their total trades to calculate the trades that are due to

rebalancing.
[TABLE I ABOUT HERE]

Equity mutual funds We construct a dataset on the underlying mutual funds from CRSP. We
focus on domestic equity mutual funds with CRSP objective codes starting in ED and sold to retail
and institutional investors, and combine different share classes to the fund level. For each mutual
fund, we calculate the percent ownership by TDFs as the sum of TDF holdings across all share
classes of the fund divided by the total fund size. TDF-invested mutual funds are rising and range
between 2% and 10% of observations during the time period, however, they account to between

6% and 47% of total assets in domestic equity funds. Our sample of domestic equity funds include
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monthly observations on retail and institutional funds held by any TDF during our sample period
2009-2018 (see Appendix A, Table A.1 panel A for summary statistics of the equity funds).”

Individual stocks We assemble our panel dataset of monthly stock return, price, volume, and
market capitalization from CRSP, and financial data from Compustat. The sample contains stocks
traded on the New York Stock Exchange, NASDAQ, and American Stock Exchange. We further
employ Thomson Reuters and MFLINKS to quantify the holdings of stocks by TDFs through mutual
funds. Following Jegadeesh and Titman (2001), we drop stocks with market capitalizations that
place them in the bottom 5% of NYSE stocks, or with beginning-of-month prices below $5 (penny
stocks), due to the lack of liquidity. We describe the risk-adjustment methods, stocks characteristics,
and how we control for their effects in the analysis of stock returns in Section A. Table A.1, panel B,
presents the summary statistics of the stock sample.

Asset-class returns To evaluate whether TDFs’ rebalancing behavior fits the model, our approx-
imation for the equity asset class return uses either a weighted-average return between U.S. and
international equity markets or the U.S. equity market return alone. We then use the U.S.-only
equity market return for flow and return analysis, because it is exogenous to discretionary portfolio
selections at TDFs. The total return of the U.S. equity market comes from CRSP, the total return
of the international equity market is approximated using the pre-fee return on the Vanguard Total
International Stock Index Fund, and the return on bonds as an asset class is approximated using the
pre-fee return on the Vanguard Total Bond Market Index Fund.

Bond funds and corporate bonds Data on corporate bond mutual funds come from CRSP, and

7While one might think it useful to contrast behavior across institutional and retail share classes, Boyson (2019)
shows that dual-registered investment advisers have steadily converted clients” investments from retail share classes to
institutional share classes since 2007. Thus, we combine retail and institutional share classes in our analysis and will refer
to the sample as “retail /institutional” throughout the paper, however, our results are similar if we restrict the sample to

retail share classes only.
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we identify corporate bond funds as those with Lipper classifications of A, BBB, HY, SII, SID, IID, or

CRSP objective codes starting in IC. Data on corporate bonds come from WRDS Bond Returns.

III. TDF rebalancing

This section first lays out a simple model to quantify how TDFs with different desired equity
shares should rebalance in response to realized relative returns between stocks and bonds. We then
describe how we measure rebalancing by each TDFE. Third, we show that TDFs rebalance their stock
positions by about 80% of the amount predicted by our simple model within a couple of months
following different asset-class returns, and discuss why it is not 100%. Finally, we estimate that
TDFs on average rebalance into and out of bonds at about the same speed but only 60 — 70% of the

predicted amount.

A. Desired equity shares and TDF rebalancing

This subsection shows that the amount of equity or bonds that a TDF must sell in response to a
positive excess return on that asset class is quadratic in its desired share in that asset class with a
maximum at a 50%. We derive this result by first assuming no net inflows or outflows to the TDF
and then for a general case with flow-driven trades.

Consider a TDF with $1 of assets, a target weight of S* invested in equity funds and a target
weight of 1 — S* invested in bond funds. Further assume that the TDF is at its target allocation
at the beginning of the period and that the target shares do not change (no move along the glide
path) by the period end. Table II shows that the total portfolio value is 1 + R? + §* (RF — RF)
(denoted as V) following equity and bond asset returns of RF and R® respectively. Note that R®
and R® incorporate the assumption that all dividends paid out by the underlying mutual funds are

reinvested by the TDF, and all dividends declared by the TDF are reinvested, consistent with TDF
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and retirement investor common prac’tice.8 To restore the original asset allocation, the TDF needs to
bring the equity and bond fund values to VS* and V(1 — S*) respectively (row 1). Thus, the TDF
needs to sell the equity fund in the amount of —5* (1 — §*) (RF — R?), and buy the same amount
of the bond fund (row 2). The important result is that the amount of trading is quadratic in desired
equity share, with a maximum at 50%.

Table II panel B considers the case of rebalancing when the TDF receives a net flow of F from
investors following the returns. Following the same procedure as in Panel A, we calculate the
desired holding as shares 5* and 1 — S* of the total value of the fund including fund flows (row 5),
and the necessary total net trades to restore that allocation (row 6). For the purpose of allocating net
flows only, the TDF needs to allocate new flows to asset classes in proportion to its desired holdings
by buying FS* in equity (or selling if F < 0) and F(1 — S*) in fixed income (row 7). Subtracting
these flow-driven trades from the total trades, we can back out the rebalancing trades, which are

the same as those in panel A, and thus also quadratic in §* (row 8).
[TABLE II ABOUT HERE]

Two final points deserve mention. First, while some TDFs rebalance daily, others tend to trade
back to their desired equity shares over a month or two or allow even longer-term deviations (some
glide paths only specify a desired range). Second, a TDF can potentially reduce tradings costs by
rebalancing slowly over time by purchasing the asset class that it needs more of with fund inflows
(or selling the asset class it needs less of to satisfy redemptions). However, it is important to note
that whether or not a TDF rebalances immediately or experiences inflows or redemptions, the
cumulative net effect of TDF rebalancing trades on asset demand is still given by Table II panel B. In

our subsequent analysis, we focus on the effect of TDF trading driven by automatic rebalancing

8TDFs have the option to automatically reinvest dividends in the underlying mutual funds. We learned from
practitioners that in almost every instance, TDFs choose to dividend-reinvest. Moreover, practitioners told us that 99% of

investors in TDFs dividend-reinvest at the TDF level due to 401(k) plans automatically reinvesting dividends.
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and exclude trading driven by inflows and outflows because these latter flows are driven by factors
such as market timing, auto-enrollment, auto-escalation, withdrawals, or retirement menu choices

that are potentially spuriously correlated with market returns.

B. Calculating rebalancing trades

We use our panel dataset of quarterly holdings at the TDF level to calculate rebalancing trades in
equity and fixed income by TDF k in quarter g in three steps. Our calculation assumes all rebalancing
trades are made at the end of each period after returns are realized and before the fund reports its
portfolio. First, we calculate the dollar amount of the “total trade” for each pair of TDF (k) and fund
share class (c) as the change in the value of holdings in excess of the value predicted by the quarterly
share class return, that is, TotalTrade.; = MV, — MVcquq(l + 7¢4). The calculation includes
the cases of investment initiations (where MV, 1 = 0) and terminations (where MV, = 0).
Second, we aggregate the observations from each holding to the TDF-by-asset-class level and obtain
Totalede‘:k/ ] where y stands for either the equity (E) or the fixed income (B) asset class. Third, we
calculate the “flow-driven trade” by a TDF of an asset class as the dollar flow to the TDF allocated
pro rata to lagged portfolio weight of the asset class (as in Frazzini and Lamont, 2008).” We calculate
“rebalancing trade” from the difference: Rebalancing%q = TotalTrade] , — F lowDrivenTrade] g To
match the setup in Table II, where the total assets of the TDF are assumed to be one dollar, we
normalize the dollar rebalancing trades by the lagged total assets of the TDF. It is important to note
that our calculation assumes that all residual trades by TDFs apart from the allocations of flows are

rebalancing trades. However, this measure also includes other active trading strategies pursued by

9We follow the formula commonly used in the literature to impute net fund flows: DollarFlowy; = TNAg, —

TNAy -1 (1+ ’”kq)/ where TN Ay, is the total net assets of TDF k in quarter g and ry, is the net return of the TDF.

16



TDPFs as well as the move along the glide paths.'

Table I includes summary statistics on the quarterly total trades and rebalancing trades by TDFs
during 2008-2018. While the mean and median total trades are positive during the sample period,
rebalancing trades are much smaller in magnitudes. During the period, TDFs on average sell equity
and buy bond funds for rebalancing purpose, which makes sense given the strong growth in the
equity market. The statistics also show that subtracting flow-driven trades significantly reduce the

standard deviations in the TDF trades” measures, suggesting that investor flows are noisy.

C. TDF rebalancing in response to asset-class returns

This subsection shows that rebalancing into and out of the stock market is quite close to the
amount of predicted rebalancing as derived in subsection A, and is mostly completed within a
couple of months. In the bond market, rebalancing is typically not as strong as we predict, spread
out over a couple of months, and has significant heterogeneity across funds.

Although holding data is only available at a quarterly frequency, we infer the monthly speed of
rebalancing by estimating the following equations where k indexes TDFs, g indexes quarter, and m

indexes months within each quarter:

Rebalancing,fq = zfn:qum[—sk,q,l(1 — Squ,l)(RE — RB)qm]
+ 7T [=Spg1(1 = Spg1) (RE = RP)g1] + 05Xy + 0 + €, (1)
Rebalancing,’f/q = an:mfm [Skq—1(1— Sk,q_l)(RE — R%)]

+ 78Sk 1(1 = Sg-1) (R® = RP)g 1] + 07Xy + 6 + €, 2)

where the dependent variable is the rebalancing trade in quarter g divided by the TDF asset size in

10As explained in Section II, fund mergers and glide path adjustments also lead to large outliers in the residual

measure, and we exclude those cases from our analysis.
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quarter ¢ — 1 winsorized at 1% and 99%. The right hand side variables are: measures of predicted
rebalancing (£S(1 — S)(RE — RB)) in each month m of the contemporaneous quarter (based on the
realized (RE — RB) of month m) and in the previous quarter g — 1; a set of time-varying TDF-level
control variables X; and TDF fixed effects §. We include the control variables and fixed effects in
order to control for other trading strategies pursued by TDFs such as moving along the glide paths
and/or cross-sectional stock selections. The controls are the logarithms of lagged sizes of the TDF
and the TDF series, the cash share in the TDF portfolio, investor net flow to the TDF, TDF quarterly
return, and years to retirement. We cluster standard errors two ways by TDF and quarter.

Under the assumption that monthly differential asset class returns are (very close to) serially
uncorrelated, the key coefficients 17, measure the share of the predicted rebalancing in response to
the asset price movement in month m completed by the end of quarter 4. Our conversations with
practitioners suggest that TDFs often rebalance over months either to minimize trading costs and
price impact or to pursue discretionary cross-asset class strategies such as momentum or market
timing. Some TDFs specify only target bands for portfolio shares rather than exact numbers. If TDFs
rebalanced immediately and perfectly, we would expect 7753 = 17,2 = 17,1 = 1. If TDFs rebalanced
with delay, we would expect 17,3 < 77,2 < 77451, and %Z%Zqum < 1 because some rebalancing due to
returns in the current quarter would be done in the subsequent quarter, an effect measured by 7
(expected therefore to be positive).

Table III, panel A presents the estimates of equation (1). Because foreign equity is a non-trivial
fraction of the average TDF's portfolio (Table I), columns 1-4 measure RE by the weighted-average
return between domestic equity and foreign equity weighted using lagged TDF portfolio weights,
thereby RE depends on TDF-specific exposures to the domestic- and foreign-equity (sub-)asset
classes. First, we find that during a quarter, TDFs rebalance roughly 80% of the amount predicted

by our simple model. Columns 1-2 of panel A show that TDFs rebalance 44% of the predicted
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amount of equity in the same month as the return differential (row 1). By the following month
after the return differential, 70% of the predicted rebalancing is implemented, and by two months
afterwards, 83% is implemented (rows 2 and 3). Assuming TDFs do not act differently at calendar
quarter ends, these coefficients trace out the speed of rebalancing for the average TDF in equity
funds. Including control variables (column 2) makes little difference on the estimated coefficients.!!

Our second main result is that passive TDFs rebalance more rapidly and more completely than
active TDFs do. Splitting our sample of TDFs according to whether the majority of assets are
invested in index funds or actively managed funds, column 3 of panel A shows that 50% of the
predicted rebalancing is implemented within the same month for passive TDFs, and 85% by the end
of the quarter. In contrast, column 4 shows that about 40% is implemented by active TDFs within
the same month, an amount which is not statistically significant. Moreover, passive TDFs complete
rebalancing within the same quarter, whereas 27% of active TDFs’ rebalancing spills over into the
following quarter. Overall, as expected, passive TDFs adhere more closely to their desired asset

allocations than active TDFs.
[TABLE III ABOUT HERE]

Turning to the fit of the regressions, Panel A of Table II further shows that our explanatory
variables including our measures of predicted rebalancing explain only 23% of the variation in
the quarterly rebalancing trades for active TDFs and only 43% for passive TDFs.!? There are three

reasons for the low R-squared.

11Among the control variables, only the net flow to TDF has a significant negative coefficient, which can be attributed
to the assumption that all flows to the TDF are allocated to underlying funds. Thus, we overstate flow-driven trades and
understate rebalancing trades if TDFs do not allocate all flows. Before excluding glide path adjustments and fund mergers,
cash also shows up as a significant (positive) determinant for rebalancing trades, but cash is no longer a significant
determinant when those special cases are excluded.

12We exclude glide path adjustments and fund mergers which increased the R-squared by about 10% relative to our

analysis in an earlier working paper version.
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First, TDF providers vary significantly in how closely they follow their prescribed glide paths.
Vanguard TDFs — passive funds that (almost surely) adhere very closely to their prescribed glide
paths — have an R-squared of close to 90% (results in Table A.3). In contrast, other TDF series have
much lower R-squareds around 30-40% (even passive TDFs from other providers), though some
with low R-squared have high coefficients, suggesting they stay close to the glide paths in the long
term despite short-term variations in strategies.

Second, predicted rebalancing is measured with error. While RE and R? in the derivation in
Section A refer to TDF-specific returns on the equity and bond portfolios of the TDFE, we focus only
on returns driven by asset-class level returns in our empirical analysis. The reason is that asset-class
returns are exogenous to the portfolio selection problem of the TDEF. In columns 1-4, we exclude the
effect of idiosyncratic returns of TDFs by focusing on the (weighted-average) return of U.S. and
foreign equity; in columns 5-8, we further use the return of U.S. equity only to approximate for RE.
The fit with the model is better (both coefficients and R-squared are higher) when foreign equity
is considered. Despite this, we focus on U.S.-only equity market return in the rest of this paper
because for many TDFs, foreign-equity exposure is time-varying and discretionary, and because
there is little loss in this simplification (the correlation in monthly returns between domestic and
foreign equity returns is high 0.89).!%

The third reason for a low fit in these regressions is measurement error in desired equity shares,

S*. Partly, this error reflects the fact that we do not directly observed desired equity shares and use

BWhile idiosyncratic returns also predict rebalancing, the implications of that for mutual fund flows and stock prices
are unclear because of the endogenous selection by active TDFs. If an active TDF owns an outperforming sector or
stock (indirectly), it is unclear that the active TDF will sell this winner sector/stock during rebalancing because it has an
allowance to pursue cross-sectional momentum strategies. Moreover, the selections by different TDFs may be in different
directions and may cancel out once the trades are aggregated to the stock level (see Bhattacharya, Lee, and Pool, 2013). As

it is not central to our paper, we leave the topic of how active TDFs select and rebalance across funds to a separate paper.
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the lagged share instead.!* Further, some funds use derivatives to alter their exposure to asset-class
returns, and derivatives appear as cash rather than equity or fixed income in the quarterly reports.
According to asset managers, the use of derivatives is particularly prevalent in fixed income due to
the relative illiquidity of the bond market.'®

Turning to fixed income, Table III, Panel B, presents the same set of estimates as Panel A but for
TDF rebalancing into and out of bonds following equation (2). Two results contrast with those for
equity in panel A. First, the coefficients in the subsample of active TDFs are much smaller in panel B
than in panel A, which may be due to the higher cash holdings at active TDFs (see Figure A.4) and
cash counting as part of fixed income in a rebalancing model based on an equity share. Thus, active
TDFs may sell equity and keep cash, instead of buying fixed income, to maintain the equity share.
Second, passive TDFs appear to be slower than active TDFs when rebalancing fixed income: the
coefficient on the contemporaneous month (first row) is close to zero for passive TDFs, but larger
and significant for active TDFs. We find evidence that the slower rebalancing in bonds is driven by
the use of derivatives (that we do not observe) to rebalance exposures to the bond market due to
higher liquidity in the market for fixed income derivatives. This explanation is also confirmed by
TDF managers. In line with this explanation should be passive TDFs more likely than active funds

to use fixed income derivatives because they tend to be larger and need to rebalance more quickly.'®

14E.g., if TDFs do not fully return to their targets each period, equity share measured in 4 — 1 would be biased, but we
obtain almost identical results if we measure the desired equity share in g — 2.

150ur rebalancing model is based on two asset classes with a specified equity share (which describes TDFs like T.
Rowe Price (Figure A.3, panel B). We also estimate in Table A .4 the fit of rebalancing with a three-asset-class model,
including domestic equity, foreign equity, and fixed income. Overall, both the coefficients and the R-squareds are lower
in the three-asset-class model, suggesting rebalancing with respect to an equity share is a better description of the data.

16Consistent with this observation, we find that smaller passive funds that are less in need of using derivatives appear
to rebalance more rapidly and more completely using bonds. Similarly, when differential asset class returns are small so
again we would expect less use of derivatives, we estimate that passive TDFs rebalance in fixed income more completely

and more rapidly than active funds (Appendix Tables A.5 and A.6).
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To conclude this section, Figure 3 presents a simple exercise summarizing our main results and
the variation that drives them. We divide the TDF-quarterly level observations into groups based
on equity share at the start of each quarter g (for example, (0.4, 0.5], (0.5, 0.6]), calculate the ratio of
rebalancing during g to (RF — R?), for all observations, and plot the median ratio (multiplied by
0.1 so as to show the amount of rebalancing for each 10% movement in RE — RP) of each group as a
function of the equity share. The median in each bin is taken across time and across TDFs. As a
reference, we also plot the quadratic functions $*(1 — S*) and —S*(1 — S§*) as the predicted values
for equity and bonds.

The median rebalancing in stocks and bonds in response to a 10% excess return on equity in
a quarter fits the quadratic function well for equity and slightly less well for bonds (Panels (a)
and (b) of Figure 3). For example, when RE — R® = 10%, a TDF with 0.65 equity share is expected
to sell 2.3% of its portfolio value in stocks, which is also what the median fund sells. Rebalancing
with respect to bonds also has a quadratic shape, but the magnitude is lower than predicted. In
panels (c)-(f), we break down the TDF sample by passive and active TDFs. The results suggest
that the smaller magnitude in bond rebalancing is driven by the active TDFs, for reasons discussed
above. The wedge between predicted and actual gets bigger for active TDFs closer to retirement

(smaller equity share), again consistent with the higher cash holdings in that subgroup.

[FIGURE 3 ABOUT HERE]

IV. The effect of TDFs on net flows to mutual funds

In this section, we show how automatic rebalancing by TDFs impacts fund flows into differ-
ent mutual funds, then quantify how much TDFs reduce trend-chasing investment flows in the

aggregate for equity mutual funds, in preparation for the return analysis in Section V.
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A. Fund-level evidence

We use our monthly panel of mutual fund flows that includes both retail and institutional share
classes, as described in Section II, from July 2008 to December 2018 to match the time period of
available TDF holdings data. Since we previously showed that TDFs typically rebalance within
1-2 months of realized asset class returns, we examine the sensitivity of fund flows to both the
current month and the lagged month’s differential asset class performance in proportion to the
fraction of the mutual fund that is held by TDFs (at the end of the previous quarter). Our regression

specification is:

FundFlow;,, = 51(RE —RB), + ﬁZ(RE — RP) x Frac.TDF;
+ B3(RF — RP)yy—1 + Ba(RF — RP),_1 x Frac.TDF;,_1 + yFrac.TDF;,_4

+ [55(RE — RB)m X Index; + 56(RE — RB)m_l X Index; + 60X, + Cj + €jm 3)

where the dependent variable is the fund flow rate for mutual fund j in month m measured as

. . . TNA; y—TNA; 1 (1+7;
the growth rate in assets in excess of the realized net fund return, or N ]l( om) where
jm—

TNA;,, refers to the total net assets and 7; , refers to net return.

The main coefficients of interest measure the contemporaneous (;) and lagged (B4) effect of
greater TDF investment on fund flows following a positive return on the asset class of the fund. In
the equity fund sample, based on TDFs’ trading behavior, we expect 8, and B4 to be negative. In
contrast, we expect f; and B3 to be positive for equity funds because flows are on average chasing
aggregate market returns (Warther, 1995; Edelen and Warner, 2001; Ben-Rephael, Kandel, and
Wohl, 2011). Similarly, we expect B> and B4 to be positive in the bond fund sample, because TDFs

rebalance into bonds when equity outperforms. To our knowledge, the bond fund literature has not
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established how bond fund flows respond to differential asset class returns.!” Equation (3) further
allows the differential asset class returns to interact with an indicator for index funds to allow for
potential different return-chasing dynamics in index funds and actively managed funds.

We estimate equation (3) using only mutual funds with some TDF ownership at some point
during the sample to avoid a large number of zeros in the regressions (with similar results using the
entire sample). Since percent flow rates are noisy, especially for smaller funds, we drop observations
below 1% or above 99% within the distribution for each asset class. Control variables X; ;, include
fund characteristics that have previously been found to affect fund flows, specifically fund size,
fund family size, fund age, net expense ratio, and return volatility. To allow for the correlations in
errors in cross sections and within the same fund over time, we cluster standard errors two-ways
by time and fund.

Table IV, column 1 presents the estimates of equation (3) in the domestic equity fund sample.
First note that the coefficients on (RE — RB),,, (RE — RB),,_; and on their interactions with Index
suggest that equity fund flows chase equity market performance and slightly more so in index
funds. An RE — R® of 10% leads to a higher monthly net flow at about 0.4% of the lagged size of the
fund or about 0.8% higher in index funds.®

But this trend-chasing behavior is significantly reduced for funds with higher TDF ownership.
The coefficients on the interaction terms with TDF ownership (3, and B4) suggest that if 10% of an
actively managed mutual fund’s assets are held by TDFs (the mean in the regression sample), the

same-month return-chasing tendency is reduced by about 27% (0.093x0.1/0.035) from the baseline.

17Goldstein, Jiang, and Ng (2017) and Chen and Qin (2017) both show that bond fund flows are sensitive to risk-
adjusted returns, and Chen and Qin (2017) further shows that flows to bond funds follow the return of the aggregate
bond market, however, these papers do not answer how bond fund flows respond to returns of the equity market.

18Table A.7 columns 1-3 confirm that this trend-chasing relationship also holds in domestic equity mutual funds which
do not have any TDF investment. See also Dannhauser and Pontiff (2019) which documents differential flow-performance

relationships in actively managed funds and index funds.
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Fund flows are negative following a positive excess return on the stock market for funds with TDF
ownership exceeding 38%, which applies to about 8% of the observations in the regression sample.

The result that TDF ownership in mutual funds has a significant contrarian effect on equity fund
flows implies that investor flows in and out of TDFs do not undo the automatic TDF rebalancing
that we documented in the previous section. This is not a guaranteed result, because if investor
flows had been highly trend-chasing, forcing TDFs to allocate the trend-chasing flows, net fund
flows to TDF-held funds would not be contrarian. Moreover, 3, and B are similar in magnitude,
consistent with the timing of rebalancing by TDFs that we found in the previous section. Together
these results are consistent with TDFs causing contrarian flows and inertia in investor flows to
TDFs.

In columns 2-3, we split the mutual fund sample by index and actively managed funds. First,
the contrarian effect is stronger in index funds than in actively managed funds. Second, rebalancing
in index funds is stronger in the contemporaneous month as the return shock, while rebalancing in
actively managed funds is stronger in the following month. These differences are consistent with
index funds being more likely to be held by passive TDFs which rebalance faster and stick more
closely to the mandated asset allocations, while active TDFs have more discretion in rebalancing.

For bond mutual funds, we also find that TDFs’ rebalancing into bond funds when equity
outperforms is passed on to the underlying fund level (in columns 4-6, ,BAz and ﬁA4 are positive).
Consistent with the previous section, the flow effect of TDFs is stronger in the month following a
return than in the contemporaneous month. But in contrast to equity funds, corporate bond fund
flows rise when the equity market performs well ( ﬁAl and ﬁAg, are generally positive). When equity
outperforms bonds by 10% in a month, the average bond fund flow is 0.9% higher in the same
month. This result is also true in the funds not held by TDFs (see Table A.7 columns 4-6). Therefore,

unlike in equity markets, TDF flows are in the same direction as retail/institutional flows in the
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bond fund market (though TDF trades are slower), instead of trading against them.
We defer further discussions on bond fund flows to Section VII, where we explain why it may

be difficult to identify a TDF effect on bond returns.'’

[TABLE IV ABOUT HERE]

B. TDFs reduce trend-chasing in aggregate equity fund flows

Are fund-level TDF trades important for aggregate flows to mutual funds? using quarterly data
to match the frequency of TDF tradings data, we calculate the aggregate dollar net flows to all
domestic equity mutual funds as the sum of flows to both retail and institutional share classes. In
cases where TDFs also invest in a retail or institutional share class, we deduct those TDF trades
before taking the aggregate. We then calculate aggregate TDF trades in domestic equity funds.

Figure 4, panel A, shows that a positive excess return on the stock market in a quarter, RE — RB,
is associated with increased inflows to domestic equity funds by retail and institutional investors in
that same quarter. In contrast, as panel B of Figure 4 shows, aggregate TDF rebalancing trades move
in the opposite direction as RE — R®: high RE — R leads to significant outflows from domestic
equity funds by TDFs. The different right-hand-side scales on the two panels differ by a factor of 10.

Roughly, in aggregate, TDFs offset more than ten percent of all aggregate fluctuations in fund flows.
[FIGURE 4 ABOUT HERE]

To be more precise, we calculate the share of aggregate return-chasing equity fund flows that are
offset by TDF trading from regressions that account for the changing relative size of the two types
of funds. We regress quarterly flows to domestic equity mutual funds (in percent) on current and

lagged returns for three measures of flows: all aggregate retail and institutional flows (as a percent

19We also show in Table A.8 that TDFs have similar effects on foreign equity fund flows as on domestic equity fund

flows.
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of all domestic mutual funds assets), total rebalancing flows from TDFs (as a percent of TDF assets),
and all flows from TDFs (as a percent of TDF assets). We normalize the fund flows and TDF trades
by their respective asset sizes because the TDF market grew at a much faster pace than the equity
mutual fund sector during the period, as is somewhat visible in Figure 4. For each measure as the

dependent variable, we estimate:

AggFlowPct, = 11(RE — RP), + 12(RF = RP),_1 + 5+ ¢ 4)

and report the results in Table V. Standard errors are estimated using the Newey-West approach,
with one lag in the error structure.

Table V shows that when the excess return, RE — RB, is 10%, net aggregate flows to equity
mutual funds through retail and institutional funds is higher by 0.9% of aggregate fund assets in
the same quarter and higher by 0.3% in the following quarter (column 1). Meanwhile, TDFs sell 1%
of their lagged asset value in equity mutual funds (column 2).

Taking 2019 as our base year, the total asset size of domestic equity mutual funds is at $12
trillion, and the total asset size managed by TDFs is at $1.4 trillion. For a 10% excess perfor-
mance of the equity market, retail and institutional flows are $108 billion (=12,000x0.9%) higher
than the baseline, but TDFs trade against the retail /institutional flows at the amount of $14 bil-
lion (=1,400x1%), thereby offsetting about 13% of the trend-chasing tendency of retail /institutional
flows in the same quarter as the realized asset class returns. This fraction is in line with that
implied by Figure 4. Including trading in the subsequent quarter, TDF rebalancing trades offsets
21% (=1,400%2%)/(12,000x1.1%)) of total retail /institutional flows. While these are large flows
relative to the average flows associated with trend-chasing, these effects of these strategies are even

larger if we assume that all $4 trillion of TDEF, CITs, and balanced funds rebalance in a similar way.
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Our estimates imply that in 2019, these funds offset almost 40% of the aggregate mutual fund flows
related to asset-class relative returns.

Column 3 of Table V examines the aggregate total trades of TDFs, which include any active
movement by retail investors into and out of TDFs rather than just the TDFs’ rebalancing trades.
Including the investor flows makes aggregate trades by TDFs less contrarian in the concurrent
quarter (largely due to the inflows into TDFs for young investors that coincide with strong equity
market performance during our sample period) and more contrarian the following quarter, reducing

the estimates’ current quarter offset by two thirds and the cumulative offset by one fifth.

[TABLE V ABOUT HERE]

V. TDF ownership and stock returns

We now show that rebalancing by the TDF sector affects the returns on the stocks that TDFs
hold disproportionately through the mutual funds they invest in. Specifically, stocks with higher
TDF ownership exhibit lower “market momentum” or sensitivity to recent market performance.
Note that our notion of market momentum is different from the cross-sectional momentum that is
widely documented in the literature, which refers to the phenomenon that stocks that outperform
in the cross-sectional are likely to continue outperforming in the medium term (as in Jegadeesh
and Titman, 1993, 2001).2°

We start by estimating the impact of TDFs on stock returns in Section A, and then discuss the
magnitude of the result and its context in Section B. Section C conducts an index-inclusion study
using only variation in TDF ownership driven by inclusion in the S&P 500 index (the statistical

significance of which is weak in a two-stage-least-squares estimate).

20The concept of market momentum is more similar to the “time series momentum” documented in Moskowitz, Ooi,

and Pedersen (2012).
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A. Estimation of TDF effect at stock level

Calculation of risk-adjusted return We estimate the TDF effect as a change in the sensitivity
of the stock return to the differential asset class return RE — RE, which is similar to the concept
of market beta, therefore, we focus on monthly factor-risk-adjusted returns as the main outcome
variables. Making market-risk adjustment is necessary because TDF-held stocks tend to be large-cap
stocks that have higher market beta, without an adjustment for which, the TDF-held stocks may
show a spurious higher sensitivity to RE — R® that has nothing to do with the effect of TDFs.?!

We follow a seven-factor risk adjustment model, which includes Market-rf (the excess return of
the total equity market over the risk-free rate), small-minus-big (SMB or the size factor), high-minus-
low (HML or the value factor) (Fama and French, 1993), momentum (Carhart, 1997), liquidity (Pastor
and Stambaugh, 2003), robust-minus-weak (RMW or the profitability factor), and conservative-
minus-aggressive (CMA or the investment factor) (Fama and French, 2015). An issue with this
risk adjustment is that TDF trading can directly affect the sensitivity of a stock’s return to the
performance of the market, that is, TDFs lower the market beta of stocks, which is the main effect we
want to measure. To alleviate this problem, we estimate the factor betas using the period 1996-2005
which is before the PPA of 2006, so that the betas are (largely) free of TDF impact. However,
using the pre-TDF window to calculate the intrinsic betas is not perfect if betas change over time.
Therefore, we also show that our results are robust to using alphas estimated with 36-month rolling-
window betas.”? We expect the results using the rolling-windows to be weaker, because TDFs can

downward bias stocks” market betas relative to the systematic risk in the cash flows. Thus the

21Eor this reason, characteristics-based return adjustments such as the DGTW (Daniel et al., 1997) method is not
sufficient for our purpose. However, we fully control for the effects of stock characteristics as explained below.

22The calculation requires at least 24 observations in the rolling window. As Table A.1 panel B shows, both beta and
alpha estimates obtained using the two measures are similar in mean and standard deviation. The mean alphas are

positive, instead of close to zero, because we exclude the smallest stocks and penny stocks.
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alphas of TDF-held stocks may appear more correlated with the excess equity market return than
otherwise.”> We winsorize the alphas at 1% and 99% to account for the fat tails due to extreme
movements unrelated to TDF trading.

Regression specification We estimate the impact of TDF trading on stock returns by running
the following regression on monthly alphas from 2010 to 2018, a period with sizable and growing

assets in TDFs:

Alphaiy = M(R" = RP)y X TDFyg 1 + A2(R® = RP), 1 x TDFy 1 4+ YTDFig 1 + { Xiom

+61 Xim - (RE = RB)y 4+ 82 Xi - (RE — RB), 1 + Returniy, 1 + Return; y_giom—2 + O0m + €im  (5)

where i indexes the stocks, m represents a month, and [ refers to the three-digit SIC industry
classification. TDF ownership at the stock level (expressed in percentage) is calculated as TDF; ;1 =
Ykaijq-1bjk4—1 for stock 7 in the lagged quarter ¢ — 1, where a;;, 1 is the fraction of stock i held
by mutual fund j and bj,; is the fraction of mutual fund j held by TDF k. (RF — RP),, and
(RE — RB),,_1 represent the current and lagged months’ excess return of equity over bonds. We
hypothesize that A; and A, are negative. The analysis clusters the standard errors two-ways by time
(year-month) and stock.

Because the holdings of passive and active TDFs are highly correlated at the stock level (Figure
A.5), we can infer the different effects of passive and active TDFs only roughly from differences
between A; and A;. As noted, large passive TDFs mostly rebalance by the end of every day (the

lag is a few hours), while other TDFs, especially the active ones, can take a month or two before

23We show in Table A.9 that the stocks that are later held by TDFs had higher market betas during the pre-TDF period,
but in the post-period, the measured market betas of those stocks decreased significantly, while there is no significant
change in the market betas of the low-TDF stocks. This “difference-in-differences” result is consistent with TDFs lowering

the market betas. However, it is only suggestive because there could be many other reasons for this change.
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restoring their target asset allocations (Table III). Thus we conjecture that trading by active TDFs
contributes more to A,, while A; is more driven by passive TDFs.

Equation (5) identifies the effect of TDFs on stock returns from differences between the stock
holdings of the TDF sector and the market portfolio. Table VI shows some of this variation in TDF
holdings based on stocks with above (“high-TDF”) or below (“low-TDF”) median TDF ownership
in each cross section. Most characteristics differ significantly between these two groups. High-
TDF stocks have lower raw return and higher market beta, thus, they have lower alphas. We
also find that the high-TDF stocks have larger market capitalization, higher ownership by other
mutual funds, and are more liquid, as shown by their higher trading volume and lower Amihud
(2002) illiquidity. Turning to the stock fundamentals, high-TDF companies appear high-growth
(higher market-to-book ratio, lower dividend yield, higher ROE, and have insignificantly higher

investment).
[TABLE VI ABOUT HERE]

These differences highlight the importance for controlling for the effect of characteristics on the
stock return sensitivity to the excess equity market return, to mitigate concerns that our results
on the different return sensitivity may be caused by the different characteristics rather than TDF
rebalancing, for example, through mutual fund flow pressure (e.g., Coval and Stafford, 2007; Lou,
2012) or the lead-lag effect (Lo and MacKinlay, 1990). To do so, we include in X, a full set of
characteristics, including log of lagged market capitalization, trading volume, the market-to-book
ratio, lagged trailing-twelve-month dividend yield, ROE, investment, illiquidity, and the holdings
by mutual funds that are not held by TDFs. We further control for RE — R? interacted with all
characteristics. Our analysis also controls for the typical co-movement of stock returns within
industries by including industry(3-digit SIC)-by-time fixed effects (6,,;). Another concern is that

our results may be related to the well-documented short-term phenomenon (see, e.g., Jegadeesh,
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1990; Nagel, 2012), in the sense that if TDFs hold large-cap stocks that drive up R, the effect we
estimate may simply capture these stocks” reversal. Therefore, we control for both short-term and
medium-term lagged returns Return;, 1 and Return;,,_¢ to m—2 (medium-term lagged return is to
control for momentum).

Main results Table VII shows that higher TDF ownership is associated with lower sensitivity to
market momentum. Panel A uses the seven-factor alphas estimated with betas from the pre-TDF
window as the dependent variable, and panel B examines rolling-window alphas. In panel A,
column 1, a specification without controls, the coefficient on (RE — RB Ym X TDF; 1 indicates that a
one standard deviation (0.7%) higher TDF ownership of a stock implies a 0.028 (=0.7 x0.04) lower
sensitivity of the 7-factor alpha of that stock to the contemporaneous market return. That is, if the
market rises by 1% in a month relative to bonds, a one standard deviation higher level of TDF
ownership implies a 2.8 basis point lower risk-adjusted return on that stock in the same month.
In contrast, the coefficient on (RF — RB),,_; x TDF;-1 is small and insignificant in the current
specification without control variables.

The concentration of the price effect in the contemporaneous month is consistent with the result
from Table III that almost half of TDF rebalancing in equity (half for passive TDFs) occurs within
the month contemporaneous with the asset-class returns. We find little price impact during the
month after the return, when most rebalancing is done by active TDFs. One possible explanation
is that active TDFs might change their portfolio composition in response to asset-class returns to
reduce price impact. Another possibility is that front-running the predictable trades by active TDFs
can move the price effect earlier.

When adding stock characteristics in column 2 as controls, the estimate becomes slightly stronger.
In column 3, we further control for the stock return lagged by one month and the cumulative return

from month m — 6 to m — 2 to account for both short-term reversal and medium-term momentum
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in the stock returns. We observe a strong negative coefficient on the one-month lagged return,
consistent with the well-known reversal effect. However, controlling for lagged returns does not
change our estimates of the TDF effect in the contemporaneous month. The addition of lagged
returns as controls makes the estimated effect in the following month (possibly an active TDF effect)
bigger in magnitude, though still not statistically significant, suggesting that the stocks indirectly
traded by active TDFs in the following month tend to be less subject to short-term reversal after
differential asset class shocks. Lastly, in column 4, we include the full set of stock characteristics
interacted with both (RE — RB),, and (RE — R®),,_;. If our results are entirely driven by the different
characteristics of TDF-held stocks, we should expect the main coefficients on the interaction terms
between differential asset class returns and indirect TDF investment to go away. However, column
4 shows that adding the interactions with characteristics does not alter the estimated TDF effect,
implying that the TDF effect is distinct from the potential effects of other stock characteristics on
return dynamics.

We find similar results using rolling-window alphas as the dependent variable (Panel B of Table
VII). The next-month effect, as shown by the coefficients on (RE — RB)m,1 X TDFj;—1, remains
similar to those in panel A, however, the same-month effect, or the coefficients on (RE — RB)m X
TDF;;1, shrinks by about half. This is consistent with the fact that the behavior of TDFs changes
the market betas of stocks and so the risk-adjustment biases down the estimated effect of TDFs.
However, panel B confirms that the direction of the TDF effect remains robust with marginal

statistical significance under the alternative measurement of alpha.
[TABLE VII ABOUT HERE]

Falsification test and robustness As another approach to checking whether these results are

indeed driven by the trading of TDFs, we conduct falsification tests using an earlier period 1987-
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2005, i.e., before the PPA of 2006 set off the growth of the TDF (and balanced funds) market.?* Using
TDF ownership measured as the average during 2010-2018, we conduct our falsification analysis
in the earlier period. The result, presented in columns 5 in both panels, suggests that stocks that
would have high TDF ownership in the most recent period did not have lower market momentum
before the PPA. While the rise of TDFs is not the only change that occurred in financial markets over
this period and so other factors may influence the differences between the pre-TDF and post-TDF
periods, these results show that the results documented in Table VII are unique to the TDF era.
We conducted two additional analyses that support the main results in Table VII. First, we break
down the results into two sub-periods: 2010-2014 and 2015-2018. TDFs (and other rebalancing
strategies) grow substantially in size from the first to the second period. As expected, the estimate
of the TDF effect with pre-window alphas appears slightly stronger in the later period, though
the power is low for this test and the result with rolling-window alphas is weak in both periods
(Table A.10). Second, we show that actual TDF rebalancing has price impact by studying the
price response to quarterly stock-level rebalancing flows by TDFs instead of that predicted by
their lagged holdings. This exercise is supported by a new paper, van der Beck (2022), which
argues that estimating price impact from trades rather than portfolio holdings provides more
accurate estimates of elasticities. We allocate the TDF rebalancing trades to stocks through mutual
funds and find that these more endogenous trades by TDFs also impact quarterly risk-adjusted
stock returns (Table A.11). Because these rebalancing trades by TDFs are in part driven by their
discretionary strategies that may be endogenous to expected stock returns, we continue to focus on

TDF ownership (instead of the trades themselves).

24The choice of 1987 as the beginning of the period used for the falsification test is that our measure of RE, based on

returns of the Vanguard Total Bond Market Index Fund, is only available starting then.
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B. Quantitative significance

Using the estimated price effect in Table VII, panel A, (the average coefficient -0.04 on RE —
RB,t x TDF(%)), and scaling the TDF(%) by a factor of four to account for all TDFs, balanced
funds, and CITs, we estimate a demand elasticity of -0.3 (details in Appendix C). That is, when
these funds purchase an additional 1% of a stock’s market capitalization, the price of that stock
rises by 3%. Note that in this calculation we are assuming that the holdings of balanced funds and
CITs are proportional to those of TDFs. As discussed in Section I, most CITs have almost identical
portfolios to a corresponding TDF, and many TDFs merge into balanced funds when they reach the
target retirement dates. However, there are wide variety of balanced funds, and in this sense, our
assumption is quite strong.

In the remainder of this subsection, we discuss several other types of fixed-share funds that may
hold similar stocks as TDFs. If our estimated price response are in part driven by the rebalancing
behavior of these market contrarian traders as well as TDFs, then stock prices would be less
responsive than our estimate of -0.3 implies.

Model portfolios Model portfolios, which have grown considerably in the last decade, are
managed portfolios that mainly invest in mutual funds and exchange-traded funds following
predefined asset allocations, including i) robo-advisors, ii) mutual fund advisory programs driven
by financial advisors seeking to improve efficiency and broker-dealer home offices pushing their
brand of centralized decision-making, and iii) mutual fund companies as strategists and model
platforms. Like TDFs, model portfolios have features of fixed allocations and automatic rebalancing
in response to market conditions. Assets in model portfolios are estimated to be $4 trillion in

2019.2Given the similarity in investment objectives and overlap in sponsors, there may be high

2See “the Rise of Model Portfolios”, broadridge.com; “Model Portfolios Surging as Advisers Seek Quick Ways to
Invest Client Money”, Wall Street Journal, 12/4/2020. In “2021 Model Portfolio Landscape”, Morningstar indicates that

the vast majority of model portfolios follow allocation strategies, where the most common equity share is between 50%
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correlation between holdings of the model portfolios and TDFs at the stock level. The rebalancing
speed may also be similar. Therefore, the actions of model portfolios may have substantial overlap
with those of TDFs at the stock level.?

Hedge funds The global hedge fund industry has $ 4 trillion AUM in 2021. The majority of
strategies do not appear similar to those of TDFs. Grinblatt et al. (2020) examines hedge funds with
Form 13-F filings of stock holdings and finds that about two thirds of the hedge funds engage in
cross-sectional contrarian strategies, which are different from the market-contrarian trades of the
TDFs. However, some hedge funds also engage in “risk parity” strategies that maintain a desired
risk level (though there is not an explicit target asset allocation).

Pension funds and endowments Pension funds, foundations, family offices and endowments
often specify target allocations as part of their investment objectives, which indicates they also
need to periodically rebalance. However, these funds are typically much slower to rebalance, often
have more discretion over the target allocations, and in general are given much greater flexibility
(Andonov and Rauh (2020)). Overall, it seems most likely that the rebalancing of pensions and

endowments contributes to the aggregate contrarian fund flows but at a much lower frequency.

In addition to underestimating total rebalancing flows, our estimated price elasticity is context-
specific and may be large for the following reasons. First, TDFs typically do not disclose their
trading schedule to avoid strategic trading around their rebalancing. As we show in Section C,
while the rebalancing by TDFs fits their stated objectives, there is significant variation at the TDF

level, which can lead to large uncertainty regarding both the timing and the amount of their trades

and 70%.

26For example, when BlackRock adjusted its model portfolios in 2021, the underlying funds (ETFs) experience massive
flows within a week. See “BlackRock Tweaked Some Models. It Triggered a Wave of Buying and Selling”, Wall Street
Journal, 7/9/2021.
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and make it risky to front-run TDFs.?” Second, we are looking at systematic changes in demand
for a set of similar stocks.?® Therefore, if there were profits to front-running TDFs, equity traders
would have to bear systematic risk to profit from trading before the TDF price impact. Lastly, as we

will show below, trading against TDFs to reduce the price movements is not a profitable trade.

C. Evidence from S&P 500 index inclusion

In this section, we focus on a narrow source of variation in TDF ownership that can provide
some plausibly exogenous variation: inclusion in the S&P 500 index. We first show that active TDFs
have a preference to hold S&P 500 index funds while passive TDFs are more likely to hold the total
market. We then identify the price impact of (active) TDFs only from variation in holdings by TDFs
that is driven by index inclusion.

We construct a group of control stocks for stocks in the S&P 500, following the methodology
in Denis et al. (2003), the details of which are presented in Appendix D. To measure the extent to
which TDFs overweight S&P 500 stocks, we estimate the following stock-level regression using

quarterly data on the matched sample of S&P 500 stocks and their controls:

TDE(%)ipg = BS&P500j, + AXiy + Opg + i + €ipg ©)

where p indexes the peer groups that contain “similar” stocks, the dependent variable is stock-
level indirect TDF ownership expressed in percentages, S&P 500 is an indicator € {0,1} for being
included in the S&P 500. We include as control variables, X;;, market capitalization, trading volume,

the market-to-book ratio, dividend yield, profitability, investment, illiquidity, ownership by mutual

27In a more predictable setting around dividend re-investment, Hartzmark and Solomon (2021) finds slightly smaller
price effect.
28In this sense, our estimate may be on the same order of magnitude as the estimates of asset-class level demand

elasticity (see, e.g., Da et al., 2018; Gabaix and Koijen, 2020).
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funds without TDF investments, and the quarterly return of the stock. The matched-peer-group by
quarter fixed effects 6,; imply that the result comes from comparing stocks in and out of the S&P
500 index in that quarter conditional on industry, size, and liquidity.*’

Table VIII shows that being included in the S&P 500 index is associated with 0.21% higher TDF
ownership (or about one-third of the mean), relative to similar stocks that are not included in the
index (column 1). This effect is primarily due to holdings of index funds (column 2) and primarily
driven by active TDFs (comparing columns 4 and 5), although the effect only through actively

managed funds is (economically similar but) imprecisely estimated (column 3).%
[TABLE VIII ABOUT HERE]

We then estimate how individual stock returns vary both with market-level excess returns and

inclusion in the S&P index, using the following regression:

Alphajym = 11(RF — RP)y x S&P500;, + 2(RE — RP) 1 x S&P500;,
+17S&P500;y, + E X + 01 Xim - (RE — RB)y + 82X - (RE = RE) 1 + Oy

Pi + Returnjy, 1 + Returnm—6tom—2 + €ipm )

where p index peer group and m month and again, 6, is the key fixed effect that implies that we
are only comparing stocks within their peer group, and ; is stock fixed effect. S&P500;,, equals one

if a stock is included in the S&P 500 index in month m, and zero otherwise. Equation (7) estimates

PWe include stock fixed effects a;, so that we only exploit the variations from stocks that are included in the index
in some periods during the sample. Stocks that are always included in or excluded from the index do not affect our
estimate.

30These patterns are consistent with the strategies of large passive and active TDFs, and that many active TDFs, such
as T. Rowe Price, hold the S&P 500 index fund as a large building block in their equity portfolios (in addition to actively
managed equity funds). While the largest passive TDFs use total market index funds for their equity allocations, the TDF

sector historically over-weighted the S&P, especially early in our sample. See Figure A.6.
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the key coefficients 1 and 7, from a difference-in-differences type specification that compares,
within each peer group, the responses to market return of i) the return on stocks included in the
S&P 500 index which have higher TDF ownership, to ii) the return on stocks not included in the
index which have lower TDF ownership. Note that Table D.1 shows that even with the construction
of the peer groups, we cannot match the characteristics of stocks in and out of the S&P. Therefore,
we control for the full set of characteristics interacted with both current and lagged RE — RE. Lastly,
we include lagged returns to control for short-term reversals.

Table IX shows that when the market rises by 1% in a month, stocks that are included in the S&P
500 index have lower risk-adjusted returns in both the contemporaneous month and the following
month, though the statistical significance is higher in the following month, consistent with the

speed of rebalancing by active TDFs that have a larger holding of S&P 500 index funds.*!
[TABLE IX ABOUT HERE]

To evaluate the economic and statistical significance of TDF ownership directly, we estimate a
two-stage least squares regression in which we estimate how TDF ownership interacts with market
momentum — as in our main results in Table VII — but using only variation in TDF ownership
driven by inclusion in the S&P 500 index. We relegate the complete description of this analysis to
Appendix D because nothing is statistically significant (See Table D.2). In sum, while the evidence
in this section identifies prices effects using only the more exogenous variation in TDF ownership
share driven by S&P inclusion, it is statistically weak. As such, it provides at best evidence that the

market-contrarian trading strategies of TDFs have changed the price dynamics of the stocks they

31Previous research has documented other features of stock dynamics that change when a stock when is included in a
major index, including but not limited to price increase (Harris and Gurel, 1986; Shleifer, 1986, Wurgler and Zhuravskaya,
2002; Chang, Hong, and Liskovich, 2015), excess daily return volatility (Ben-David, Franzoni, and Moussawi (2018)), and
co-movement (Barberis, Shleifer, and Wurgler, 2005; Boyer, 2011). None of these effects would seem to contaminate or
bias our estimate of the price impact of TDFs associated with S&P index inclusion, although we discuss them further in

Appendix D.
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hold.

VI. Returns from trading before or with TDFs

This section presents evidence that during our sample period, trading that mitigates the TDF
price impact was not profitable. In fact, because retail investors move money into equity funds
in response to excess returns on the stock market, if arbitrage capital trades against these general
retail /institutional flows, they trade in the same direction as the contrarian trading by TDFs. Thus
the cross-sectional price impact of TDF trading that we find may be large relative to other situations
where arbitrage capital may be trading against the price impact.

Based on our findings in Section V, we consider two long-short monthly strategies, one that
(infeasibly) trades at the start of the month before an aggregate return and the contemporaneous
TDFs rebalancing, and one that trades alongside slower TDF rebalancing in the month following
the return. Because stocks high in TDF investments have lower returns during and after high equity
market performance, these strategies short high-TDF stocks and buy low-TDF stocks when the
equity market return is high and take the opposite position when the market is low. In each quarter
and within each size group based on market capitalization (the size groups are defined according to
NYSE size breakpoints that are at 5-percentile increments), we sort stocks into quintiles based on
(non-TDF) mutual fund ownership, and then within each mutual fund quintile, sort again based
on TDF ownership.>? We then form portfolios every month based on the sign of the excess equity
market return and the predicted direction of TDF trades.

First, consider a strategy that takes its position prior to the asset class return during a month: if

(RE — RB),, < 0, it goes long the highest TDF quintile of stocks and shorts the lowest TDF quintile

3270 avoid our results being driven by a few stocks, we drop cells where the numbers of observations are lower than

five. The trading profits are smaller and noisier if we do not exclude those cells.
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at the beginning of month m and holds until the end of the month. If (RE — RB),, > 0, the strategy
takes the opposite long-short position. This strategy front-runs TDFs but is infeasible because it
requires predicting aggregate return shocks and risky because the timing and magnitude of TDF
rebalancing is uncertain. Figure 5 panel A shows that the cumulative risk-adjusted return of this
strategy. Either equal-weighting or market-cap-weighting stocks (solid line or dashed line) produces
a steady positive risk-adjusted return that amounts to a cumulative 60% return in the period we
plot (2010-2018), or about 50 bps per month on average. This is an (infeasible) upper bound to the
profit of front-running.

Second, the feasible strategy that trades along with TFDs is based on the previous month’s
return: if (RE — R®),,_; > 0, go long the highest TDF quintile of stocks and short the lowest quintile
during month m, and the reverse when (REF — R®),,_; < 0. Because this strategy trades the month
after a return, it is presumably mainly trading alongside active TDFs which are slower to rebalance.
Panel B of Figure 5 shows that this feasible strategy of trading along with TDFs still generates
positive profits but is less profitable. Most importantly, the reverse of this second strategy would
have generated a loss of 20%-40% return over nine years depending on the weighting scheme. In
sum, it does not seem to be profitable to trade against TDFs based on the previous month return, so

arbitrage capital should not be reducing the cross-sectional price impact of TDF trading.*?
[FIGURE 5 ABOUT HERE]

Finally, we investigate how long the price impact of TDF contrarian trading lasts. We estimate

the following equation with the dependent variable at increasing horizons and plot the effect of

33Table A.12 shows that the trading profits are statistically significant. We also show in Figure A.7 that a simple
contrarian strategy that buys the total market after (RE — RB),,_1 < 0and shorts the market vice versa does not generate
a steady positive profit during our period. This suggests that exploiting cross-sectional TDF trades is important for

generating the trading profit.
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TDF contrarian rebalancing on prices at different horizons.

Cum.alphayy, = Ap(RE — RP), x TDFyq_1 + 7, TDFyg_1 + & Xim + 03 Xim - (RE — R),,

+Returniy 1 + Returnt; y—6 1o m—2 + Omi + E€imn 8)

where i indexes the stocks, m represents the month of the differential asset-class shock, I refers to the
three-digit SIC industry classification, and & indicates the horizon of the cumulative return. (RF —
RB),, represents the current months’ excess return of equity over bonds. TDF; 1 is the indirect
TDF ownership at the stock level at the end of the previous quarter. As in the full specification in
Table VII, the estimations control for a full set of stock characteristics interacted with (RE —RB V-
The regressions also control for raw return in month m — 1, and cumulative raw return from month
m — 6 to month m — 2 and include industry-by-time fixed effects (6,).

Figure 6 plots the estimated coefficients Aj as a function of horizon h and shows that the
cumulative price impact is largest at the end of the month after the (monthly) asset-class return. The
effect on cumulative returns lasts for about three months before becoming indistinguishable from
zero. Overall, evidence in Figure 6 is consistent with limited or slow arbitrage of price impact that

is tempered by additional trading by (mainly active) TDFs in the months following a return shock.

[FIGURE 6 ABOUT HERE]

VII. TDFs and bond returns

In Section III, we find that TDFs rebalance into bond funds (while selling equity) when RE —
RE > 0, and vice versa. The magnitude of the trade with respect to bonds is smaller and the speed
slower than that with equities. To manage any potential price impact, TDFs often use cash and

derivatives to rebalance their fixed income exposure before trading these funds. In Section IV, we
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showed that the rebalancing by TDFs have an expected effect on the flows to bond funds that they
hold in the month following the differential asset class return shock. In this section, we show that
TDF trading does not appear to causes price impact for corporate bonds that have relatively higher
TDF exposure, which we conjecture is due to liquidity management strategies.

We focus on the corporate bond market because almost 70% of TDFs” holdings of bond funds are
in corporate bond funds (Table A.13). One might expect a larger price impact in the corporate bond
market becuase it is less liquid than the stock market. Also, as noted earlier, rebalancing trades by
TDFs with respect to bond funds are in the same direction as the general retail and institutional
flows, potentially implying greater price impact. However, since both TDFs and the underlying
bond mutual funds might expect this illiquidity, they might manage liquidity in a way to minimize
the price impact.>* In addition, arbitrageurs, trading against retail flows, would be trading against
TDFs in the case of bonds.

To begin, we examine characteristics of both bond funds and corporate bonds that have different
levels of TDF investment (Appendix E explains the construction of the samples of bond funds
and corporate bonds, following Choi et al. (2020)). Panel A of Table X shows selected summary
statistics on corporate bond funds with above-median, below-median, or zero TDF investment.
First, corporate bond funds with higher TDF investment also hold more cash or cash-like securities.
The cash ratio is 17% for the funds with above-median TDF investment, and 12% (11%) for those
with low (zero) TDF investment. This suggests that TDFs selectively hold corporate bond funds that
strategically manage liquidity and maintain a bigger cash buffer against redemption risk. Second,
funds that are invested more by TDFs also hold higher-rated corporate bonds, suggesting more TDF

investments in safer and more liquid bonds. Turning to the bonds themselves in panel B of Table X,

34Choi et al. (2020) shows how corporate bond funds use cash cushions to avoid price impact in response to investor
redemptions. And Ma, Xiao, and Zeng (forthcoming) shows how bond mutual funds follow a pecking order by trading

the most liquid assets first.
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TDF-held corporate bonds have higher rating, lower raw return, and longer time to maturity. In
addition, TDFs choose to tilt their holding to bonds that are more liquid, as suggested by lower Roll

(1984) illiquidity measure and smaller fraction of zero-trading days in a quarter.
[TABLE X ABOUT HERE]

In Appendix E (Table E.1), we present a study of the effect of TDFs on corporate bond returns in
a sample of bonds with beginning-of-month rating in the top three categories, i.e., numerical ratings
1-3, equivalent to S&P ratings AAA, AA+, and AA. This choice is motivated both by the fact that
TDFs tend to hold bonds with higher ratings and by the pecking order funds follow to trade their
holdings based on liquidity (Ma, Xiao, and Zeng (forthcoming)). Though the estimated coefficients
are in the expected direction as TDF trading, overall we cannot detect a significant effect of TDFs on
corporate bond returns, a result in line with ex ante liquidity management reducing potential price

impact.

VIII. Speculation about aggregate market dynamics

The goal of our paper is to document that the growth of TDFs and similar funds and strategies —
designed to be micro-optimal taking returns as given — has an impact on mutual fund flows and
on stock returns. This section discusses three potential aggregate market implications of continued
movement of retail investor funds into TDFs and TDEF-like strategies.

First, by putting downward pressure on prices after market increases and upward pressure
after market drops, contrarian strategies dampen market fluctuations. Suppose RE — RE = 10% in a
period, at the current holdings of 4% of the U.S. equity market (Figure A.8), TDFs, CIs, and balance
funds trade -0.12% of the market (= —.7 * .3 x 10% * 4%/.7), assuming they have an effective average
desired equity share of 70%. Even if we aggressively assume that all rebalancing is implemented

within the same period and an aggregate “price multiplier” is 5 (Gabaix and Koijen (2020)), these
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trades would reduce the excess equity return by 0.6%, or from 10% to 9.4%, which is statistically
undetectable (given the sample size to date). However, if stocks held by rebalancing investors were
to grow to 20% of the market, the return would be reduced by 30% (from 10% to 7%).

This dampening can either decrease or increase market efficiency. By trading against transitory
fluctuations in prices, funds like TDFs may increase market efficiency. However, TDFs also trade
against market fluctuations that are driven by permanent changes in dividends, which (roughly)
should lead to permanent changes in the effective amount of equity relative to bonds. Since TDFs
have a micro-optimal view of portfolio choice, TDFs do not adjust equity shares to permanent changes
in the fraction of the market portfolio composed of different asset classes. If TDFs instead held a
macro-optimal view of portfolio choice, they would hold the market portfolio and a risk-free asset in
age-dependent proportions and thus hold more equity when equity comprised more of the market
portfolio.

Second, TDFs can generate a negative autocorrelation at horizons that match the time interval
between price changes and the completion of rebalancing. We find that the majority of TDFs’

rebalancing occurs in the contemporaneous month but also a substantial amount the following

month. At the aggregate level, this rebalancing could alter serial correlation in monthly returns.

"'m = &+ B1rm—1+ Parm—1 X TD(B)F,_1 +YTD(B)F,_1 +€n )

where r,, is the monthly return of the U.S. equity market in month m, either as the raw return or
as the excess return relative to the U.S. bond market, and TD(B)F,_1 measures the fraction of the
market held by TDFs, CITs, and BFs at the end of the previous year.35

The results in Table XI suggest that the rise of TDFs has been accompanied by a reduction in

35Some specifications rely on the total ownership of TDFs, and the size of CITs are only available yearly.
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the aggregate momentum or an increase in stock market reversal. Consistent with recent figures,
if TDFs (and similar funds) controlled 4% of the market, the implied autocorrelation would be
0.29 — 9 x 4% = —0.07, but statistical power is relatively low given the short time series. Further,
the rise of TDFs is far from the only change in equity markets that may change the autocorrelation

of returns (e.g. see Martin, 2021).
[TABLE XI ABOUT HERE]

Finally, because TDFs increase linkages across asset classes, their continued growth may increase
the correlations between stock and bond returns. Interest rate declines — such as pursued by
quantitative easing — may lead to stronger stock market responses, as an increasingly large amount
of funds invested in TDFs trades out of bonds and into stocks.

Of course all of these speculative points may be mediated by endogenous changes in trading
behavior of other market participants. The responses, and the general equilibrium effects, may

provide interesting fodder for testing models of asset price dynamics.

IX. Concluding remarks

Target date funds are an important financial innovation for retail investors. Since the 2006
Pension Protection Act qualified TDFs to serve as default options in 401(k) plans, the TDF market
has experienced substantial growth. Today 90% of employers offer TDFs as the default options in
their retirement plans and TDFs manage trillions of dollars of retirement savings. Retail investors
that invest in TDFs do not have to choose the relative shares of stock funds and bond funds in
their portfolios. Instead, they delegate these choices to TDFs that make these allocations based
on automatic, age-dependent rules designed by professional money management companies. As

a result, many retirement plan investors have moved from passive or trend-chasing behavior
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to investment vehicles that automatically rebalance their portfolios across asset classes to undo
compositional changes due to differences in returns across asset classes.

This paper points to a quantitatively important implication of the rise of this household finance
innovation for the dynamics of asset markets. TDFs rebalance portfolios by selling stocks when the
stock market rises and buying stocks when the market falls, and so act as a market-stabilizing force.
We find that in the past 15 years, the growth of TDFs has changed the patterns of fund flows across
mutual funds and the cross-sectional pattern of returns across stocks. In addition, we speculate that
if the amount of funds invested through TDFs continues to grow, the contrarian trading of these

types of funds will start to have noticeable effects on aggregate market returns.
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Figure 1: Size of assets in TDFs, target date CITs, and balanced funds by year

This figure plots the sum of total net assets (TNA) of target date funds (TDFs), target date collective
investment trusts (CITs) and balanced funds (BFs) during 2000Q1-2021Q4. Assets in TDFs and BFs
are estimated using CRSP. Assets in CITs are collected from annual Morningstar TDF research

reports.
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Figure 2: Distribution of index fund share in TDF portfolios

This histogram presents the fractions of TDF portfolios invested in index mutual funds.
Observations are for each TDF-quarter and include only TDFs where the value of available

holdings (including cash) is larger than 90% of fund assets.
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Figure 3: Median rebalancing by equity share

The connected line plots the median ratio of rebalancing for each equity-share-based bin. The
outcome variable is calculated as (Rebal. trade;/ TN A,-1)/(RE — RP) x 0.1, the amount of
rebalancing trade (in equity or bonds) for each dollar of TDF asset divided by RE — R? and
multiplied by 0.1 so as to show the amount of rebalancing for each 10% movement in RE — RE.
Each bin represents the interval with a length of 0.1, and the median is taken across time and across
TDFs. The bin that centers at 0.25 includes all TDFs whose equity share is at or below 30% (several
bins are combined into one due to small numbers of observations). The dotted line represents the
theoretical predicted magnitude of the ratio at the midpoint of each interval. (a) and (b) use the full
sample, (c) and (d) use the sample of passive TDFs whose holdings in index mutual funds are at
least 50% of their portfolio values, and (e) and (f) use the sample of active TDFs whose holdings in
index funds are less than 50% of their portfolio values.
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Figure 4: Aggregate retail/institutional flows and TDF flows to U.S. domestic equity funds

This figure plots the aggregate quarterly dollar flows to U.S. domestic equity mutual funds through
retail and institutional share classes (panel A.) and TDF rebalancing (panel B.) during

2008Q3-20180Q4.
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Figure 5: Returns from TDF-based long-short trading strategy

This figure shows the cumulative 7-factor alphas from investing in a portfolio of stocks with the
highest TDF ownership and shorting a portfolio with the lowest TDF ownership when the excess
stock market return in the current month (panel A) or previous month (panel B) is negative, and the
reverse when the excess stock market return is positive. The sample includes NYSE-, NASDAQ-,
and AMEX-traded stocks with market capitalizations that are above the fifth percentile on the
NYSE and with beginning-of-month prices above five dollars. In each quarter and within each size
group based on market capitalization (the size groups are defined according to NYSE size
breakpoints that are at 5-percentile increments), stocks are sorted two-ways into quintiles, first by
mutual fund ownership (calculated as the sum of ownership by mutual funds which are not held
by TDFs), and second by TDF ownership. Cells with fewer than 5 stocks are dropped. The trading
strategy in the top panels (bottom panels) invests in the highest TDF portfolio and shorts the lowest
TDF portfolio in month ¢ if (RE — R®),, < 0 (RE — RB),,_1 < 0) and takes the reverse positions
(long the lowest TDF portfolio and short the highest TDF portfolio) if (RF — RE),, > 0

((RE — RB),,_1 > 0). Betas are estimated using the pre-PPA window of 1996-2005.
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Figure 6: TDF contrarian trades and cumulative stock returns

This figure plots the effect of TDFs on cumulative 7-factor alphas from the month of the return
shock (month m) to month m 4 h. The estimation follows equation (8), and the coefficients 7\; are
plotted as a function of /. Betas are calculated using the pre-PPA window 1996-2005. Confidence
intervals are based on standard errors that are clustered two ways by stock and time.
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Table I: Summary statistics on TDFs

This table presents statistics on TDF-quarterly level observations during 2008Q3-2018Q4. TDF
holdings are classified into equity and fixed income using the CRSP objective codes of the under-
lying mutual funds. TDF TNA is the TDF fund size in billion dollars. Target year is the target
retirement year stated in the fund name. Years to retirement is Target year minus current calendar
year. TDF quarterly return is the net raw return of the TDF in a quarter. Series size is total size across
TDFs in a series (a collection of TDFs with the same manager(s) but different target retirement years).
Passive TDFs are those with more than 50% of their assets invested in index funds. No. funds held
counts the number of unique mutual funds held by a TDE. Frac. portfolio in mutual funds represents
the total values of holdings in mutual funds divided by fund size. Frac. portfolio in equity is the total
values of holdings in equity mutual funds divided by fund size, and separately shown for domestic
and foreign equity. Cash share is the fraction of fund assets held in cash and obtained from CRSP.
Flowto TDF; / TN A, 1 is the flow rate to the TDF calculated as the dollar growth in TDF assets
in excess of the growth that would have occurred given the net return and the lagged TDF size,
divded by lagged size. Total trade in equity ( fixed income), / TNA,_ reflects the dollar amount of
total trade in equity (fixed income) that is the sum of trades across all equity (fixed income) mutual
funds by the TDF, divided by lagged size. Rebal. trade in equity (fixed income), / TNA,_1 is the
total trade less the flow-driven trade which the flow into the TDF allocated to the asset class based
on the lagged share in that asset class, divided by lagged size.

TDF quarterly, N=5,351 Mean  p25 p50 p75 SD
TDF TNA ($ billion) 2648 0.078 0410 2113 5.570
Target year 20324 2020 2030 2045 14.9
Years to retirement 17.4 6 18 29 14.6
TDF quarterly return (%) 1.544 0.088 2.050 4.142 4570
Series size ($ billion) 49.181 0.893 6.258 46.529 82.207
Passive TDF 0.325 0 0 1 0.468
No. funds held 15.4 8 15 22 8.3
Frac. portfolio in mutual funds (%) 95.8 933 977 99.8 5.5
Frac. portfolio in equity (%) 73.8 59.7 788 89.9 18.2
- Domestic equity (%) 469 371 495 577 13.5
- Foreign equity (%) 269 208 269 324 8.9
Cash share (%) 3.1 0.2 1.6 42 5.1
Flowto TDF; / TNA; 1 (%) 4679 -0940 2792 8148 9.714
Total trade in equity, / TNA; 1 (%) 3109 -1.267 1468 5748 7.510
Total tradein fixed income; / TNA; 1 (%) 1282 -0.118 0.791 2220  3.289
Rebal. trade in equity, / TNA; 1 (%) -0.705 -1.433 -0.532 0.160 2.643

Rebal. tradein fixed income; / TNA; 1 (%) 0438 -0.150 0.306 1.012  1.909
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Table II: TDF rebalancing formulae

This table derives the one-period formula of rebalancing that restores the target asset allocation of a
TDF after realized asset class returns RE (equity) and R® (bond). The target equity share is S* and
the target bond share is 1 — §*. The TDF is assumed to hold the target allocation at the beginning
of the period and to reinvest all dividends paid out by the underlying mutual funds. Dividends
declared by the TDF are assumed to be reinvested by investors. TDF asset value at the beginning of
the period before the asset class returns is normalized to $1. Panel A represents the case of zero
net flow to the TDF. Panel B considers non-zero net flow to the TDF. V denotes the value of the
portfolio before trades and flows, or 1 + R® + §*(RE — RB).

Equity funds Bond funds Total

Initial and desired S* 1-5%

portfolio shares
Asset class return RE RE
(0) Post-return value pre- S*(1+ RF) (1—5*)(1+RB) 1+ RB

trades and flows +S*(RE-RB)=V
A. No fund flows
(1) Desired holdings VSs* V(1-S*) 1%
(2) Total net purchases, (1) — (0) —5*(1—S*)(RE — RB) $*(1—$*)(RE — RB) 0
(3) Flow-driven purchases 0 0 0
(4) Rebalancing purchases, (2) — (3)  —S*(1 — §*)(RF — RB) $*(1—S*)(RE — RB) 0

B. With fund flows of F

(5) Desired holdings (V+F)s* (V+F)(1-5% V+F

(6) Total net purchases, (5) — (0) FS* F(1-5%) F
—5*(1—8*)(RE—RB)  4+8*(1—S*)(RE — RB)

(7) Flow-driven purchases FS* F(1-S%)

(8) Rebalancing purchases, (6) — (7)  —S*(1 — S*)(RE — RB) $*(1—S*)(RE — RB) 0
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Table III: TDF rebalancing: actual vs. predicted

This table estimates the relationship between actual rebalancing by TDFs in quarter g and the predicted
values of rebalancing given the TDFs’ equity shares and realized differential asset-class returns during the
third, second, and first months of quarter g and during g — 1 in the period 2008Q3-2018Q4. Observations
are at the TDF quarterly level. Rebal(E), / TNA,_1 (Rebal(FI); / TNA,_1) in panel A (B) is TDF-level
rebalancing trade in quarter g with respect with equity (bond), divided by TDF TN A in quarter g — 1 and
winsorized at 1% and 99%. Pred.rebal,,;,—; stands for predicted rebalancing in response to the realized
return of the tth month of quarter gPred.rebal; 1 stands for the value of predicted rebalancing in response

to the realized return of quarter g — 1. RF is approximated by the weighted average between total U.S.
and foreign equity market return in columns 1-4and the U.S. only equity market return in columns 5-8.
Control variables include lagged quarter’s log TDF TN A, log Series size, Cash share, and current quarter’s
TDF flow rate, TDF quarterly return, and Years to retirement. Standard errors are clustered two ways by
TDF and quarter. *p < .1; **p < .05; **p < .01

) ) ) (4) (5) (6) 7) 8)

A. Rebal(E)q / TNA; 1
US+Foreign RE US RE
All Passive  Active All Passive  Active

Pred.rebaly,—3  0.442*  0436*  0.503**  0.408 0.487**  0.403*  0457***  0.393

(0.215)  (0.193)  (0.116)  (0.260)  (0.207) ~ (0.191)  (0.120)  (0.248)
Pred.rebaly—p  0.695%*  0.727*** 0.762**  0.710*  0.588"** 0.567***  0.689***  0.504**

(0.185)  (0.200)  (0.114)  (0.270)  (0.202)  (0.191)  (0.126)  (0.240)
Pred.rebaly =1 0.829%*  0.831*** 0.852*** 0.818** 0.746™* 0.706** 0.789***  (0.655***

(0.139)  (0.128)  (0.092)  (0.166)  (0.159)  (0.148)  (0.097)  (0.198)
Pred.rebal, 1 0.213* 0.218* 0.116 0.272* 0.195* 0.206* 0.140* 0.234

(0.111)  (0.117)  (0.070)  (0.151)  (0.112)  (0.116)  (0.073)  (0.144)
Controls no yes yes yes no yes yes yes
TDF FE yes yes yes yes yes yes yes yes
Observations 4,670 4,670 1,539 3,131 4,670 4,670 1,539 3,131
R-squared 0.228 0.235 0.434 0.214 0.220 0.228 0.427 0.206
B. Rebal(FI)q / TNA; 1

US+Foreign RE US RE
All Passive  Active All Passive  Active

Pred.rebaly =3  0.179 0.087 -0.081 0.284** 0.207 0.086 -0.118  0.288**

(0.151)  (0.220)  (0.335)  (0.126)  (0.129)  (0.201)  (0.299)  (0.115)
Pred.rebaly =  0.778**  0.660***  1.085*** 0.398** 0.723"* (0.594**  0.996***  0.358**

(0.169)  (0.144) (0.210) (0.136)  (0.168)  (0.143)  (0.197)  (0.134)
Pred.rebaly =1 0.694** 0597  0.883*** 0.390** 0.651*** 0.534**  0.821***  (0.331***

(0.160)  (0.143)  (0.159)  (0.120)  (0.154)  (0.135)  (0.157)  (0.111)
Pred.rebal, 1 0.190* 0.183 0.383** 0.013 0.183 0.175 0.380** 0.013

(0.112)  (0.121)  (0.188)  (0.070)  (0.112)  (0.115)  (0.177)  (0.073)
Controls no yes yes yes no yes yes yes
TDF FE yes yes yes yes yes yes yes yes
Observations 4,670 4,670 1,539 3,131 4,670 4,670 1,539 3,131
R-squared 0.260 0.266 0.439 0.221 0.254 0.262 0.433 0.221
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Table IV: Effect of TDF ownership on mutual fund flows

This table estimates the effect of TDF ownership on the mutual fund flow-performance relationship
during 2008.7-2018.12. Observations are at the mutual fund monthly level. The sample in columns 1-3
(4-6) includes retail and institutional domestic equity funds (corporate bond funds) which are held by any
TDF during the sample period. The dependent variable Fund flow is the monthly fund flow rate, defined
as the growth rate in fund assets in excess of the realized net fund return. Observations where the lagged
asset size is less than $10 million or where the dependent variable is below 1% or above 99% are dropped.
RE — RE is the excess return of the U.S. total stock market over the U.S. total bond market. Frac.by TDFs
is measured as the fraction of fund assets held by TDFs, measured at the end of the previous quarter.
Index fund equals one if a mutual fund is an index fund. Control variables include the lagged month’s
log Fund size, log Fund family size, current month’s log Fund age, Expense ratio, and lagged Return volatility.
Standard errors are clustered two ways by time and fund. *p < .1; **p < .05; **p < .01.

) ) ® | @ 5) ©)

Fund flow;
Domestic equity funds Corporate bond funds
All Index Active All Index Active

(RE —RB); x Fracby TDFs,;  -0.093** -0251*  -0.075* | 0121* 0178  0.109
0.030)  (0.102)  (0.033) | (0.072)  (0.163)  (0.084)
(RE —RB),_y x Fracby TDFs, 1 -0.112** 0.185** -0.106"* | 0.206"* 0.542***  0.156"*
0.029)  (0.068)  (0.031) | (0.067) (0.128)  (0.070)

(RE — RB), 0.035**  0.086™*  0.034** | 0.088**  0.100**  0.088***
(0.016) (0.022) (0.015) (0.020)  (0.045)  (0.020)
(RE — RB); x Index fund 0.042 0.012
(0.028) (0.040)
(RE —RB), 4 0.011 0.058*** 0.010 0.040**  -0.059  0.043**
(0.013) (0.019) (0.013) (0.017)  (0.042)  (0.017)
(RE —RB),_1 x Index fund 0.041** -0.081**
(0.021) (0.039)
Frac.by TDFs; 4 0.006** 0.007 0.005** 0.000 0.001 -0.000
(0.002) (0.007) (0.003) (0.006)  (0.012)  (0.007)
Controls yes yes yes yes yes yes
Fund FE yes yes yes yes yes yes
Time FE no no no no no no
Observations 32,816 6,727 26,089 10,151 2,280 7,871
R-squared 0.171 0.115 0.183 0.226 0.204 0.224
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Table V: Aggregate retail and institutional vs. TDF flows to U.S. equity funds

This table estimates the flow sensitivity to the excess performance of the equity market for 1)
retail and institutional U.S. equity funds, 2) TDF rebalancing trades, and 3) TDF total trades. The
dependent variable in column 1, Retail and inst. flow,, is calculated as the aggregate dollar flows
to retail and institutional share classes of domestic equity funds in quarter g divided by the total
assets under management in those share classes in quarter g4 — 1. TDF trades are deducted before
aggregating up the retail and institutional flows. The dependent variable in column 2 (column 3),
TDF rebal. trades, (TDF total trades,), is the aggregate dollar rebalancing (total) trade by TDFs in
quarter g divided by the total size of TDFs in quarter ¢ — 1. RE — R® is the excess return of the U.S.
total stock market over the U.S. total bond market. The sample period is 2008Q3-2018Q4. 2010Q2
is dropped due to insufficient TDF trading data (see Appendix B). Standard errors are estimated
using the Newey-West method, with one lag in the error structure. *p < .1; **p < .05; **p < .01.

1)

)

)

Retail TDFrebal. TDF total
flow,q trades,q trades, q
R°—R8,q 0.087**  -0.095** -0.034
(0.035) (0.040) (0.037)
RS —RB,g-1 0.025*  -0.100* -0.128*
(0.011) (0.050) (0.068)
Observations 41 41 41
F 5.15 3.45 1.81
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Table VI: Summary statistics: stocks with high- and low TDF ownership

This table presents summary statistics of stocks with high and low indirect TDF ownershipduring
2010-2018. High (low) TDF indicates if a stock has above (below) median TDF ownership in each
month, where TDF ownership is calculated at the end of the previous quarter. Stock betas are
estimated using a 7-factor model that includes Market-rf, SMB, HML (Fama and French, 1993),
momentum (Carhart, 1997), liquidity (Pastor and Stambaugh, 2003), profitability, and investment
(Fama and French, 2015). Beta loadings are estimated using both the pre-PPA window of 1996-2005
and 36-month rolling windows. TDF ownership refers to the fraction of a stock owned indirectly by
TDFs through mutual funds. Mutual fund ownership is the fraction of a stock owned by equity
mutual funds that have no investment from TDFs. Market capitalization is measured in billion
dollars, trading volume is normalized by the number of shares outstanding, market-to-book is
the ratio between market value and book value of common shares, dividend yield 12m is the
trailing-12-month cash dividend per share divided by the share price, ROE is calculated as quarterly
(revenue-COGS-SG&A-interest expense) divided by lagged book value of common shares, and
investment measures the quarterly growth rate in total assets. Illiquidity is the quarterly average
of the Amihud (2002) daily illiquidity measure.Return,,_ and Return, ¢t n—2 are raw returns in
month m — 1 and cumulative raw returns during months m — 6 to m — 2, respectively. p-values of
difference tests on means are reported.

High TDF Low TDF
Stock monthly N=73,226 N=62,489

Mean SD Mean SD p-value

Monthly return, (%) 1.148 8977 1403 9.784 0.00
7-Factor market beta pre-window 1.084 059 0936  0.642 0.00
7-Factor market beta rolling,, 1 1.043 0.574 0.973 0.653 0.00
7-Factor alpha pre-windowy, (%) 0.112 8438 0557  9.206 0.00
7-Factor alpha rolling-windowy, (%) 0.148 8.503 0.521 9.564 0.00
TDF ownershipg_1 (%) 0.873  0.763 0318  0.223 0.00
Mutual fund ownership, 1 (%) 27.691  9.027 22404 10.866 0.00

Market capitalization,,_1 ($ billion) 15937 45.229 5301  20.156 0.00
(Monthly volume/ Shares out.), 1 0198 0.162 0.156 0.177 0.00

Market-to-book ratiog_q 3.659 5.118 3.155  4.660 0.00
Dividend yield 12mq,1 (%) 1.672 6.481 1.886 6.805 0.00
ROE;_1 (%) 6.964 10398 4953 10.603 0.00
Investmentq,l (%) 2.397 10.132 2309 10.532 0.11
Hliquidity, 1 0.030  0.032 0.074  0.100 0.00
Return,, 1 (%) 1.332 8915 1.638 10.103 0.00
Returiy, g tom—2 (%) 7506 18.835 7.598 21.585 | 0.40

59



Table VII: TDF ownership and stock return sensitivity to market performance

This table examines the relationship between TDF ownership and monthly stock return sensitivity
to differential asset class performance during 2010-2018. The dependent variable 7-factor alpha is
the risk-adjusted return winsorized at 1% and 99%, where the beta loadings are estimated using
1996-2005 (36-month rolling windows) in panel A (panel B). The pre-PPA period (falsification
test) includes 1987-2005 and factor betas for that test use the window 1977-1986 in panel A and
36-month rolling windows in panel B. TDF(%) in the falsification test is measured as averages
during 2010-2018.Control variables include log of lagged values of Market capitalization, Monthly
volume/Shares out., Market-to-book ratio, and lagged values of Dividend yield 12m, ROE, Investment,
Illiquidity, and Mutual fund ownership. All variables are defined in Table VI. Standard errors in this
table are clustered two ways by time and stock.

@ 2 ) @ [ 06

2010-2018 | Pre-PPA
A 7-Factor alpha pre-windowy,
(RE — RB),, x TDF; 1(%) -0.039**  -0.047**  -0.049**  -0.050** 0.062
(0.020) (0.020) (0.019) (0.019) (0.054)
(RE—RB),, 1 x TDF; 1(%)  -0.001 -0.005 -0.012 -0.024 -0.012
(0.014) (0.014) (0.015) (0.016) (0.028)
TDF; 1(%) -0.002***  -0.001 -0.001 -0.001 0.000
(0.001) (0.001) (0.001) (0.001) (0.001)
Returny,_q -0.027***  -0.028*** | -0.059***
(0.008) (0.007) (0.008)
Returny,_g 1o m—2 -0.004 -0.005 0.007
(0.004) (0.004) (0.004)
Controls no yes yes yes yes
Characteristics x (RF — R5) no no no yes yes
Time-by-industry FE yes yes yes yes yes
Observations 148,583 131,443 127,341 127,341 | 118,205
R-squared 0.218 0.229 0.230 0.231 0.325
B. 7-Factor alpha rolling-windowy,
(RE — RB),, x TDF, 1 (%) -0.020*  -0.020*  -0.019*  -0.026** 0.003
(0.011) (0.010) (0.011) (0.011) (0.016)
(RE—RP),,_1 x TDF,_1(%)  -0.008 -0.010 -0.013 -0.017 -0.021
(0.012)  (0.011)  (0.012)  (0.011) | (0.020)
TDF; 1(%) -0.002***  -0.001**  -0.001***  -0.001** | 0.002***
(0.000) (0.000) (0.000) (0.000) (0.001)
Return,, 4 -0.012 -0.013 | -0.061***
(0.010) (0.010) (0.019)
Returny, ¢ 1om—2 -0.004 -0.004 -0.002
(0.004) (0.005) (0.007)
Controls no yes yes yes yes
Characteristics x (REF — R5) no no no yes yes
Time-by-industry FE yes yes yes yes yes
Observations 205,786 181,642 176,576 176,576 | 229,006
R-squared 0.166 0.172 0.172 0.172 0.208
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Table VIII: Relationship between S&P 500 index inclusion and TDF investment

This table estimates the effect of S&P 500 index inclusion on stock-level TDF ownership. Observa-
tions are at stock-by-quarter level during 2010-2018, and the sample contains S&P 500 stocks and
control stocks matched on industry, size, and liquidity, following Denis et al. (2003). The dependent
variable in column 1 is the indirect ownership by all TDFs through mutual funds, in column 2
the indirect ownership by all TDFs through index funds, in column 3 the indirect ownership by
all TDFs through actively managed funds, in column 4 the indirect ownership by passive TDFs
through index funds, and in column 5 the indirect ownership by active TDFs through index funds.
S&P500, is an indicator that equals one if the stock is included in the S&P 500 index quarter g and
zero otherwise. Control variables include log of lagged values of Market capitalization, Monthly
volume/Shares out., Market-to-book ratio, and lagged values of Dividend yield 12m, ROE, Investment,
Illiquidity, Mutual fund ownership and the quarterly return of the stock. Standard errors are clustered

by stock.

@ ) @) ) ©)

Indirect TDF ownershipg (%)
Passive TDF  Active TDF

TDF total TDF — index TDF — active — index — active
S5&P 500, 0.208** 0.091*** 0.118 0.020* 0.070***
(0.082) (0.012) (0.079) (0.010) (0.004)
Controls yes yes yes yes yes
Time-by-matched peer group FE yes yes yes yes yes
Stock FE yes yes yes yes yes
Observations 6,150 6,150 6,150 6,150 6,150
R-squared 0.739 0.931 0.691 0.928 0.940
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Table IX: S&P 500 inclusion and stock return sensitivity to market performance

This table examines the effect of S&P 500 index inclusion on the sensitivity of monthly stock returns
to differential asset class performance during 2010-2018. The dependent variable 7-factor alpha is
the risk-adjusted return winsorized at 1% and 99%, where the beta loadings are estimated using
1996-2005 (36-month rolling windows) in panel A (panel B). S&P 500,, equals one if a stock is
included in the S&P 500 index in month m, and zero otherwise. The pre-PPA period (falsification
test) includes 1987-2005 and factor betas for that test use the window 1977-1986 in panel A and
36-month rolling windows in panel B. Control variables include log of lagged values of Market
capitalization, Monthly volume/Shares out., Market-to-book ratio, and lagged values of Dividend yield
12m, ROE, Investment, Illiquidity, and Mutual fund ownership. All variables are defined in Table VI.
Standard errors in this table are clustered two ways by time and stock.

) 2) 3) @ | 0

2010-2018 | Pre-PPA
A. 7-Factor alpha pre-windowy,
(RE —RB),, x S&P 500y, -0.087 -0.084 -0.090 -0.091 0.428
(0.065) (0.070) (0.073) (0.103) (0.365)
(RE—RB),, 1 x S&P 500,  -0.082** -0.075**  -0.093** -0.153** | 0.972*
(0.030) (0.037) (0.039) (0.049) (0.438)
S&P 500, -0.019**  -0.005 -0.006 -0.006 0.019
(0.005) (0.005) (0.005) (0.006) (0.096)
Return,,_q -0.062***  -0.061** | -0.127
(0.016) (0.016) (0.089)
Returny _¢tom—2 -0.012 -0.012 -0.024
(0.009) (0.009) (0.034)
Controls no yes yes yes yes
Characteristics x (R — R5) no no no yes yes
Time-by-peer-group FE yes yes yes yes yes
Stock FE yes yes yes yes yes
Observations 19,695 16,752 16,306 16,306 711
R-squared 0.241 0.263 0.263 0.265 0.648
B. 7-Factor alpha rolling-windowy,
(RE — RB),, x S&P 500, -0.020 -0.041 -0.028 -0.019 -0.037
(0.030) (0.031) (0.031) (0.045) (0.090)
(RE—RB),, 1 x S&P500,  -0.091*** -0.102** -0.103*** -0.134*** 0.070
(0.030) (0.031) (0.033) (0.041) (0.089)
S5&P 500, -0.020**  -0.003 -0.005 -0.005 0.012
(0.004) (0.005) (0.005) (0.006) (0.010)
Return,,_q -0.046***  -0.046** | -0.087**
(0.013) (0.014) (0.036)
Returtty, g 1o m—2 -0.008 -0.008 -0.036**
(0.007) (0.007) (0.014)
Controls no yes yes yes yes
Characteristics x (RF — R5) no no no yes yes
Time-by-peer-group FE yes yes yes yes yes
Stock FE yes yes yes yes yes
Observations 27,329 22,972 22,445 22,445 20,296
R-squared 0.195 0.222 0.223 0.224 0.238
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Table X: Summary statistics on corporate bond funds and corporate bonds

Panel A (B) presents summary statistics of corporate bond funds (corporate bonds) with above/below
median, or zero TDF investment in cross sections. Frac. held by TDFs for a bond fund is the value of TDF
holdings of a fund divided by the fund size. Cash / Fund TNA (%) represents the fraction invested in cash,
treasuries and money market funds. VW rating shows the value-weighted numerical rating (between
1 and 22, 1 being the highest-rated) of the underlying corporate bonds. Return is the monthly return
measured with end-of-month prices. Rating is the numerical rating of the corporate bond. Frac. held by
TDFs for a corporate bond refers to the fraction of the bond indirectly held by TDFs through mutual funds
and measured at the end of the previous quarter. Frac. held by mutual funds is the fraction of a bond held by
corporate bond mutual funds that have no investment from TDFs. Amount outstanding measures the dollar
value of the issue that remains outstanding. Years to maturity is the number of years until maturity. Years
since issuance is the years since the issuance date. Monthly volume/amount out stands for the monthly
total dollar trading volume divided by the amount outstanding. Roll illiquidity is the monthly average
Roll (1984) measure of effective bid-ask spread. ZTD (zero-trading days) is the fraction of days during a
quarter on which a bond is not traded. Return,, is the lagged raw monthly return. Return,,_¢ o m—2 is the
cumulative return from month m — 6 to m — 2. p-values of difference tests on means between high TDF
and low TDF are reported.

High TDF Low TDF Zero TDF
N=1,038 N= 1,057 N= 14,332 p-value

A. Corporate bond funds quarterly Mean SD | Mean SD | Mean SD | High=Low
Frac. held by TDFs (%) 1951 2372 | 055 0.70 0.00  0.00 0.00
Cash / Fund TNA (%) 1696 17.01 | 11.76 1579 | 11.25 14.21 0.00
Corporate bonds / Fund TNA (%) 3432 1266 | 4522 1897 | 4547 19.96 0.00
VW rating 943 267 | 1039 3.05 9.93 299 0.00

High TDF Low TDF Zero TDF

N= 205,908 N= 194,947 N= 58,991 p-value
B. Corporate bonds monthly Mean SD | Mean SD | Mean SD | High=Low
Returny, (%) 0.294 1906 | 0381 2.092 | 0.623 2.256 0.00
Rating, 8.148 2862 | 9.127 3.672 | 9.638 4.079 0.00
Frac. held by TDFs; 1 (%) 0.692 0993 | 0.092 0.098 | 0.000 0.000 0.00
Frac. held by mutual funds, 1 (%) 6.797 6197 | 6.879 6.889 | 6972 7.889 0.00
Amount outstanding,, 1 ($ million) 9143 7525 | 7029 5045 | 569.5 572.4 0.00
Years to maturity, 9488 9.298 | 8.615 8.745 | 8333 9.316 0.00
Years since issuance,, 3.192  3.004 | 4.010 3.764 | 5.082 4.745 0.00
Monthly volume /amount out,, 1 0.057 0.060 | 0.058 0.065 | 0.068 0.076 0.00
Roll illiquidity, 1 0.007  0.007 | 0.009 0.010 | 0.013 0.014 0.00
ZTDy 1 0.455 0257 | 0.505 0.249 | 0571 0.242 0.00
Returny,,_q (%) 0.301 1910 | 0.376 2.095 | 0.749 2.287 0.00
Returtty, g 1o m—2 (%) 1.785 4361 | 1944 5041 | 3.735 5225 0.00
Returny,_12 1o m—2 (%) 0.043 0.062 | 0.045 0.074 | 0.076 0.079 0.00
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Table XI: TDFs and aggregate return autocorrelation
This table reports the autocorrelation in monthly returns of the U.S. equity market as a function of
the fraction of the equity market held by TDFs or TDBFs (including TDFs, target-date collective
investment trusts, and balanced funds). The dependent variable is the raw monthly return of the
U.S. stock market (RF) in columns 1-2 and the excess return of equity over bonds (R — R®) in
columns 3-4. TDF (TDBF) fraction is estimated fraction of the U.S. equity market held by TD(B)Fs
and is estimated at the end of the previous year, assuming 40% of the total assets of the TD(B)Fs are
invested in the U.S. stock market (assuming 60% equity allocation at the TD(B)F and 2:1 domestic
to foreign equity ratio). Total value of the U.S. stock market is obtained from CRSP. Standard errors

are estimated using the Newey-West method, with one lag in the error structure.

(1) @ | © (4)

Returny,
RE | RE — RB
Return,, 1 0.293**  0.329** | 0.252**  (.284**
(0.129) (0.151) (0.121) (0.140)
Return,,_1 x TDF fmctiony,l -37.198** -33.449**
(14.500) (13.447)
Return,_1 X TDBFfmctiony,l -9.745%* -8.861**
(4.479) (4.193)
TDF fraction, 1 1.080** 1.195%*
(0.541) (0.569)
TDBF fraction, 1 0.347** 0.385**
(0.173) (0.183)
Constant -0.001 -0.004 -0.004 -0.007
(0.005) (0.006) (0.005) (0.006)
Observations 228 228 228 228
F 2.721 2.301 2.547 2.439

64



REFERENCES

Agnew, Julie, Pierluigi Balduzzi, and Annika Sunden, 2003, Portfolio choice and trading in a large

401 (k) plan, American Economic Review 93, 193-215.
Ameriks, John, and Stephen P Zeldes, 2004, How do household portfolio shares vary with age? .

Amihud, Yakov, 2002, llliquidity and stock returns: cross-section and time-series effects, Journal of

Financial Markets 5, 31-56.
Andonov, Aleksandar, and Joshua D Rauh, 2020, The return expectations of institutional investors .

Balduzzi, Pierluigi, and Jonathan Reuter, 2019, Heterogeneity in target date funds: strategic risk-

taking or risk matching?, The Review of Financial Studies 32, 300-337.

Barberis, Nicholas, Andrei Shleifer, and Jeffrey Wurgler, 2005, Comovement, Journal of financial

economics 75, 283-317.

Ben-David, Itzhak, Francesco Franzoni, and Rabih Moussawi, 2018, Do etfs increase volatility?, The

Journal of Finance 73, 2471-2535.

Ben-David, Itzhak, Jiacui Li, Andrea Rossi, and Yang Song, 2021, Discontinued positive feedback
trading and the decline in asset pricing factor profitability, working paper, available at SSRN 3808853

Ben-David, Itzhak, Jiacui Li, Andrea Rossi, and Yang Song, forthcoming, What do mutual fund

investors really care about?, The Review of Financial Studies .

Ben-Rephael, Azi, Shmuel Kandel, and Avi Wohl, 2011, The price pressure of aggregate mutual

fund flows, Journal of Financial and Quantitative Analysis 585-603.

Bhattacharya, Utpal, Jung H Lee, and Veronika K Pool, 2013, Conflicting family values in mutual
fund families, The Journal of Finance 68, 173-200.

Boyer, Brian H, 2011, Style-related comovement: Fundamentals or labels?, The Journal of Finance 66,

307-332.



Boyson, Nicole, 2019, The worst of both worlds? dual-registered investment advisers, working paper,

Northeastern University .

Brown, David C, and Shaun Davies, 2020, Off target: On the underperformance of target-date funds,
Available at SSRN 3707755 .

Calvet, Laurent E, John Y Campbell, and Paolo Sodini, 2009, Fight or flight? portfolio rebalancing

by individual investors, The Quarterly Journal of Economics 124, 301-348.

Campbell, John Y., 2016, Restoring rational choice: The challenge of consumer financial regulation,

American Economic Review: Papers & Proceedings 106, 1-30.
Carhart, Mark M, 1997, On persistence in mutual fund performance, The Journal of Finance 52, 57-82.

Chalmers, John, and Jonathan Reuter, 2020, Is conflicted investment advice better than no advice?,

Journal of Financial Economics .

Chang, Yen-Cheng, Harrison Hong, and Inessa Liskovich, 2015, Regression discontinuity and the

price effects of stock market indexing, The Review of Financial Studies 28, 212-246.

Chen, Yong, and Nan Qin, 2017, The behavior of investor flows in corporate bond mutual funds,

Management Science 63, 1365-1381.

Choi, Jaewon, Saeid Hoseinzade, Sean Seunghun Shin, and Hassan Tehranian, 2020, Corporate

bond mutual funds and asset fire sales, Journal of Financial Economics 138, 432-457.

Cocco, Joao F, Francisco ] Gomes, and Pascal ] Maenhout, 2005, Consumption and portfolio choice

over the life cycle, The Review of Financial Studies 18, 491-533.

Coval, Joshua, and Erik Stafford, 2007, Asset fire sales (and purchases) in equity markets, Journal of
Financial Economics 86, 479-512.

Da, Zhi, Borja Larrain, Clemens Sialm, and José Tessada, 2018, Destabilizing financial advice:

Evidence from pension fund reallocations, The Review of Financial Studies 31, 3720-3755.

Daniel, Kent, Mark Grinblatt, Sheridan Titman, and Russ Wermers, 1997, Measuring mutual fund

performance with characteristic-based benchmarks, The Journal of finance 52, 1035-1058.



Dannhauser, Caitlin D, and Jeffrey Pontiff, 2019, Flow, Available at SSRN 3428702 .

De Long, ] Bradford, Andrei Shleifer, Lawrence H Summers, and Robert ] Waldmann, 1990, Positive
feedback investment strategies and destabilizing rational speculation, The Journal of Finance 45,

379-395.

Denis, Diane K, John ] McConnell, Alexei V Ovtchinnikov, and Yun Yu, 2003, S&p 500 index

additions and earnings expectations, The Journal of Finance 58, 1821-1840.

Dou, Winston, Leonid Kogan, and Wei Wu, 2020, Common fund flows: Flow hedging and factor

pricing, Jacobs Levy Equity Management Center for Quantitative Financial Research Paper .

Duarte, Victor, Julia Fonseca, Aaron Goodman, and Jonathan A. Parker, 2021, Simple allocation

rules and optimal portfolio choice over the lifecycle, NBER Working Paper w29559 .

Edelen, Roger M, and Jerold B Warner, 2001, Aggregate price effects of institutional trading: a study

of mutual fund flow and market returns, Journal of Financial Economics 59, 195-220.

Evans, Richard B, and Yang Sun, 2021, Models or stars: The role of asset pricing models and

heuristics in investor risk adjustment, The Review of Financial Studies .

Fama, Eugene F, and Kenneth R French, 1993, Common risk factors in the returns on stocks and

bonds, Journal of Financial Economics 33, 3-56.

Fama, Eugene F, and Kenneth R French, 2015, A five-factor asset pricing model, Journal of Financial

Economics 116, 1-22.

Frazzini, Andrea, and Owen A Lamont, 2008, Dumb money: Mutual fund flows and the cross-

section of stock returns, Journal of Financial Economics 88, 299-322.

Gabaix, Xavier, and Ralph SJ Koijen, 2020, In search of the origins of financial fluctuations: the

inelastic markets hypothesis, Available at SSRN .

Goldstein, Itay, Hao Jiang, and David T Ng, 2017, Investor flows and fragility in corporate bond
funds, Journal of Financial Economics 126, 592-613.

Grinblatt, Mark, Gergana Jostova, Lubomir Petrasek, and Alexander Philipov, 2020, Style and skill:

Hedge funds, mutual funds, and momentum, Management Science 66, 5505-5531.



Haddad, Valentin, Paul Huebner, and Erik Loualiche, 2021, How competitive is the stock market?
theory, evidence from portfolios, and implications for the rise of passive investing, working paper,

University of Minnesota .

Harris, Lawrence, and Eitan Gurel, 1986, Price and volume effects associated with changes in the

s&p 500 list: New evidence for the existence of price pressures, The Journal of Finance 41, 815-829.

Hartzmark, Samuel M, and David H Solomon, 2021, Predictable price pressure, Available at SSRN
3853096 .

Hong, Harrison, and Jeremy C Stein, 1999, A unified theory of underreaction, momentum trading,

and overreaction in asset markets, The Journal of Finance 54, 2143-2184.

Jegadeesh, Narasimhan, 1990, Evidence of predictable behavior of security returns, The Journal of

finance 45, 881-898.

Jegadeesh, Narasimhan, and Sheridan Titman, 1993, Returns to buying winners and selling losers:

Implications for stock market efficiency, The Journal of Finance 48, 65-91.

Jegadeesh, Narasimhan, and Sheridan Titman, 2001, Profitability of momentum strategies: An

evaluation of alternative explanations, The Journal of Finance 56, 699-720.

Koijen, Ralph SJ, and Motohiro Yogo, 2019, A demand system approach to asset pricing, Journal of
Political Economy 127, 1475-1515.

Lo, Andrew W, and A Craig MacKinlay, 1990, When are contrarian profits due to stock market

overreaction?, The review of financial studies 3, 175-205.

Lou, Dong, 2012, A flow-based explanation for return predictability, The Review of Financial Studies

25, 3457-3489.

Ma, Yiming, Kairong Xiao, and Yao Zeng, forthcoming, Mutual fund liquidity transformation and

reverse flight to liquidity, The Review of Financial Studies .

Martin, Ian, 2021, On the autocorrelation of the stock market, Journal of Financial Econometrics 19,

39-52.



Massa, Massimo, Rabih Moussawi, and Andrei Simonov, 2020, The unintended consequences of

investing for the long run: Evidence from the target date funds, Available at SSRN 3729750 .

Merton, Robert C, 1969, Lifetime portfolio selection under uncertainty: The continuous-time case,

The Review of Economics and Statistics 247-257.

Mitchell, Olivia S, and Stephen Utkus, 2021, Target date funds and portfolio choice in 401(k) plans,

Journal of Pension Economics and Finance 1-18.

Moskowitz, Tobias J, Yao Hua Ooi, and Lasse Heje Pedersen, 2012, Time series momentum, Journal

of Financial Economics 104, 228-250.
Nagel, Stefan, 2012, Evaporating liquidity, The Review of Financial Studies 25, 2005-2039.

Parker, Jonathan A, Antoinette Schoar, Allison T Cole, and Duncan Simester, 2022, Household

portfolios and retirement saving over the life cycle, NBER Working Paper, W29881 .

Pastor, L'ubos, and Robert F Stambaugh, 2003, Liquidity risk and expected stock returns, Journal of
Political economy 111, 642-685.

Peng, Cameron, and Chen Wang, 2021, Factor demand and factor returns, working paper, available at

SSRN 3327849 .

Roll, Richard, 1984, A simple implicit measure of the effective bid-ask spread in an efficient market,

The Journal of Finance 39, 1127-1139.

Schwarz, Christopher G, and Mark E Potter, 2016, Revisiting mutual fund portfolio disclosure, The
Review of Financial Studies 29, 3519-3544.

Shleifer, Andrei, 1986, Do demand curves for stocks slope down?, The Journal of Finance 41, 579-590.

Shoven, John B., and Daniel B. Walton, 2020, An analysis of the performance of target date funds,
NBER Working Paper, W27971 .

van der Beck, Philippe, 2022, On the estimation of demand-based asset pricing models, Swiss Finance

Institute Research Paper No. 22-67 .



Vayanos, Dimitri, and Paul Woolley, 2013, An institutional theory of momentum and reversal, The

Review of Financial Studies 26, 1087-1145.

Viceira, Luis M, 2001, Optimal portfolio choice for long-horizon investors with nontradable labor

income, The Journal of Finance 56, 433—470.

Warther, Vincent A, 1995, Aggregate mutual fund flows and security returns, Journal of Financial

Economics 39, 209-235.

Wurgler, Jeffrey, and Ekaterina Zhuravskaya, 2002, Does arbitrage flatten demand curves for stocks?,

The Journal of Business 75, 583—608.



Internet Appendix for

“Retail Financial Innovation and Stock Market Dynamics: The

77 %

Case of Target Date Funds

by

Jonathan A. Parker Antoinette Schoar Yang Sun

November 2022

*Citation format: Parker, Jonathan A., Antoinette Schoar, and Yang Sun, Internet Appendix for “Retail Financial
Innovation and Stock Market Dynamics: The Case of Target Date Funds,” Journal of Finance [DOI STRING]. Please note:
Wiley is not responsible for the content or functionality of any supporting information supplied by the authors. Any

queries (other than missing material) should be directed to the authors of the article.



Appendix A: Additional Tables and Figures

Figure A.1: Size of assets in TDFs by target retirement year

This figure plots the sum of total net assets (TNA) of TDFs during 2000Q1-2021Q4 broken down by target retirement
years. TDFs with target retirement years at the middle of a decade (20x5) are grouped together with TDFs with target
retirement years at the beginning of the decade (20x0). The TD2010- category in this figure includes TD2000 and TD2010.
The TD2050+ category includes TD2050 and TD2060.
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Figure A.2: Example of glide path adjustment

This figure shows the adjustment to the glide path of Fidelity Freedom Fund in September 2013. Graph source experien-
tialwealth.com and www.chaoco.com.
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Figure A.3: Glide path examples

This figure shows the asset allocations of Vanguard Target Retirement Funds in panel A and of T.Rowe Price as a function
of years to retirement. Source is the fund’s prospectus.
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Figure A.4: Cash holding by TDFs as a function of years to retirement

This figure plots average cash holdings as fractions of total assets at active and passive TDFs as a function of years to the
target retirement year grouped into 5-year bins.
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Figure A.5: Distributions of passive and active TDF ownership

This figure shows the mean decile number of passive TDF ownership for each combination of size group (based on NYSE
market capitalization breakpoints) and and active TDF ownership decile. Deciles of active TDF ownership and passive
TDF ownership are ranked in each cross section among all stocks in sample.
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Figure A.6: TDF overweighting of S&P 500 stocks

This figure shows by year the difference between (1) the weight of S&P 500 stocks in the aggregate TDF portfolio and (2)
the weight of S&P 500 stocks in the market portfolio.
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Figure A.7: Returns from simple market-contrarian trading strategy

This figure shows the cumulative returns from buying the total U.S. stock market when the excess stock market return
over the bond market return in the previous month is negative, and the reverse when the excess stock market return is

positive.
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Figure A.8: Estimated fractions of the U.S. stock market held by TDFs, CITs, and BFs

This figure shows the ratios of domestic equity holdings of TDFs, CITs, and BFs to the total stock market capitalization.
The calculation is a conservative estimate based on these funds holding 40% of their assets in U.S. equity, which is
relatively low because BFs typically have lower equity shares than TDFs, and because of some holdings of foreign equity.
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Table A.1: Summary statistics on mutual funds and stocks

This table presents statistics on equity mutual funds and stocks. The mutual fund sample contains retail /institutional domestic
equity funds which are held by TDFs during 2009.01-2018.12 and with lagged asset size above $10 million. The stock sample
includes NYSE-, NASDAQ-, and AMEX-traded stocks with market capitalization above the fifth percentile on the NYSE and with
beginning-of-month prices above five dollars during 2010.1-2018.12. Fund flow rate is the quarterly growth rate in assets in excess
of that implied by net fund return. Index fund indicator is from CRSP. Fund size is the total net assets of a fund. Fraction held by
TDFs is the total value of TDF holdings of a fund divided by Fund size. Fund family size is the total size of funds managed by a
management company. Fund age is the years since inception of the oldest share class of a fund. Expense ratio is the weighted-average
net expense ratio across share classes. Return volatility is the one-year standard deviation in the monthly returns. Monthly return
is the monthly total return of a stock. 7-Factor market beta, pre-window (rolling) is the factor loading on the market factor estimated
using a 7-factor model that includes Market-rf, SMB, HML (Fama and French, 1993), momentum (Carhart, 1997), liquidity (Péstor
and Stambaugh, 2003), profitability, and investment (Fama and French, 2015) in the pre-PPA window of 1996-2005 (using 36-month
rolling windows). 7-Factor alpha, pre-window (rolling-window) is the monthly return adjusted for factor returns using betas estimated
with the pre-window (rolling-window). TDF ownership refers to the fraction of a stock owned indirectly by TDFs through mutual
funds. Mutual fund ownership is the fraction of a stock owned by equity mutual funds that have no investment from TDFs. Market
capitalization is total shares outstanding times the share price. Monthly volume/Shares out. is monthly trading volume normalized by
the number of shares outstanding. Market-to-book ratio is the ratio between market value and book value of common shares. Dividend
yield 12m is the trailing-12-month cash dividend per share divided by the share price. ROE is calculated as quarterly revenue minus
COGS, SG&A and interest expense, divided by lagged book value of common shares. Investment measures the quarterly growth
rate in total assets. Illiquidity is the quarterly average of square root of the daily ratio between absolute return and trading volume
measured in millions (Amihud, 2002). Return m-6 to m-2 is the cumulative return from month m — 6 to m — 2.

A. Equity mutual fund monthly, N=33,537 Mean p25 p50 p75 SD

Fund flow rate (%) 0.02 -118 -022 088 293
Index fund 0.21 0.00 0.00 0.00 040
Fund size ($ billion) 8.3 0.5 1.5 43 31.8
Frac. held by TDFs (%) 9.91 0.00 039 579 22.68
Fund family size ($ billion) 436.6 510 1652 4339 703.3
Fund age (year) 18.3 9.0 150 220 148
Expense ratio (%) 0.79 054 084 105 038
Return volatility (%) 390 274 365 489 156
B. Stock monthly, N=136,518 Mean p25  p50  p75 SD

Monthly return (%) 128 -382 115 605 9.39
7-Factor market beta, pre-window 1.02 0.65 0.99 1.34 0.62
7-Factor market beta, rolling-window 1.01 0.63 0.97 1.34 0.61

7-Factor alpha, pre-window (%) 033 -440 015 4.69 882

7-Factor alpha, rolling-window (%) 0.33 -4.37  0.19 4.73 9.04
TDF ownership (%) 0.64 026 049 078  0.65

Mutual fund ownership (%) 2513 18.00 2493 3205 10.15
Market capitalization ($ billion) 11.09 067 195 6.68 36.50
Monthly volume/Shares out. 0.18 009 014 022 017
Market-to-book ratio 3.53 143 219 368 531

Dividend yield 12m (%) 178 000 108 238 6.6l

ROE (%) 6.03 247 572 916 10.74
Investment (%) 228 -1.01 1.04 345 1033
Illiquidity 0.05 001 003 0.06 0.07
Return m-6 to m-2 (%) 761 -353 706 17.84 2032




Table A.2: TDF rebalancing: actual vs. predicted by quarter

This table estimates the relationship between actual rebalancing by TDFs in quarter g4 and the predicted values of
rebalancing given the TDFs’ equity shares and realized differential asset-class returns during quarters g and q — 1.
Rebal(E)q / TNA; 1 (Rebal(FI)q / TNA; 1) in panel A (B) is TDF-level rebalancing trade in quarter g with respect with
equity (bond), divided by TDF TN A in quarter 4 — 1 and winsorized at 1% and 99%. Pred.rebal, stands for predicted
rebalancing in response to the realized return of quarter g and is calculated as —S(1 — S)(RF — RE), in panel A and
S(1—S)(RE — RB), in panel B, where S is the TDF’s equity share in g — 1 and (RE — R), stands for the quarterly excess
return of the equity market over the bond market in quarter q. Pred.rebal;_; stands for the value of predicted rebalancing
in response to the realized return of quarter g — 1. RE is approximated by the weighted average between total U.S. and
foreign equity market return in columns 1-4, where the weights follow the proportions of domestic and foreign equity
in a TDF’s equity holdings in quarter ¢ — 1, and by the U.S. only equity market return in columns 5-8. The sample is
restricted to TDF-quarters during 2008Q3-2018Q4 where the value of available holdings (including cash) is larger than
90% of fund assets, the equity share does not change by more than 5% from the previous quarter (to exclude glide path
adjustments), and the fund assets do not grow by more than 50% from the previous quarter (to exclude fund mergers).
Control variables include lagged quarter’s log TDF TN A, log Series size, Cash share, and current quarter’s TDF flow rate,
TDF quarterly return, and Years to retirement. Standard errors are clustered two ways by TDF and quarter. *p < .1; **p <
.05; **p < .01.

) @ ©) @ | 0 (6) 7) )

A. Rebal(E)q / TNA; 1
US+Foreign RE US RE
All Passive  Active All Passive  Active

Pred.rebal, 0.665°*  0.695%* 0.741%*  0.671%* | 0.616%* 0.577+* 0.667***  0.534**
0.097)  (0.100)  (0.071)  (0.127) | (0.080)  (0.063)  (0.064)  (0.069)

Pred.rebal,_;  0.148 0147  0.066 0.190 0.154 0.158 0.104 0.185
(0.112)  (0.118)  (0.064)  (0.152) | (0.109)  (0.114)  (0.066)  (0.143)

Controls no yes yes yes no yes yes yes
TDF FE yes yes yes yes yes yes yes yes
Observations 4,670 4,670 1,539 3,131 4,670 4,670 1,539 3,131
R-squared 0.226 0.234 0.429 0.213 0.219 0.227 0.421 0.206
B. Rebal(FI)q / TNA; 1
US+Foreign RE US RE
All Passive  Active All Passive  Active

Pred.rebal; — 0.529"*  0.A457** 0.675"* 0.364*** | 0.505*** 0.409** 0.578***  0.330***
0.072)  (0.065) (0.132)  (0.067) | (0.067) (0.058)  (0.111)  (0.062)

Pred.rebal,_y 0115 0098 0304  -0.007 | 0144 0125 0343 0011
0.090)  (0.092)  (0.230)  (0.060) | (0.097)  (0.096)  (0.236)  (0.063)

Controls no yes yes yes no yes yes yes
TDF FE yes yes yes yes yes yes yes yes
Observations 4,670 4,670 1,539 3,131 4,670 4,670 1,539 3,131
R-squared 0.248 0.255 0.414 0.221 0.245 0.254 0.407 0.221
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Table A.3: Rebalancing model fit by TDF series

This table estimates the relationship between TDF rebalancing with respect to equity and the predicted values of
rebalancing estimated for the largest 12 TDF series based on average AUM during the sample period. The sample is
restricted to TDF-quarters where the value of available holdings (including cash) is larger than 90% of fund assets, the
equity share does not change by more than 5% from the previous quarter (to exclude glide path adjustments), and the
fund assets do not grow by more than 50% from the previous quarter (to exclude fund mergers). Regression specifications
follow Table A.2, panel A, column 2. The dependent variable is TDF-level rebalancing trade in quarter q calculated as the
sum of changes in positions in equity mutual funds minus TDF flow-driven trades in equity funds, divided by the TDF
asset size in quarter g — 1 and winsorized at 1% and 99%. Predicted rebalancing is calculated as —S(1 — S)(RE — RB)q
and —S(1— S)(REF — RB )g—1, for quarter g and g — 1 respectively, where S is the fraction of a TDF portfolio invested in

equity in g — 1. RE is approximated by the weighted average between total U.S. and foreign equity market return, where
the weights follow the proportions of domestic and foreign equity in a TDF’s equity holdings in quarter 4 — 1. Control
variables include lagged quarter’s log of TDF fund size, log of TDF series size, cash share, and current quarter’s net flow
rate to the TDF, TDF raw return, and years to retirement. Standard errors are clustered two ways by TDF and quarter. *p
<.1;*p < .05; **p < .01

Series name Passive Coef,q Coef,q-1 R-squared N

1 Vanguard Target Retirement 1 0.965*** 0.001 0.877 391
(0.068) (0.022)

2 Fidelity Freedom 0 0.969** 0.492 0.161 576
(0.415) (0.376)

3 T Rowe Price Retirement 0 0.415***  0.637*** 0.556 308
(0.113) (0.216)

4 American Funds Target Date Retirement 0 0.238%*** 0.012 0.481 38
(0.055) (0.698)

5 JPMorgan SmartRetirement 0 0.042 0.681 0.175 93
(0.618) (0.746)

6 TIAA-CREF Lifecycle 0 1.682*** 0.250 0.685 154
(0.455) (0.205)

7  Principal LifeTime 0 -0.008 0.198* 0.259 194
(0.070) (0.110)

8 Fidelity Freedom Index 1 0.616*** 0.020 0.487 301
(0.138) (0.161)

9 Fidelity Advisor Freedom 0 0.893*** 0.706 0.262 250
(0.153) (0.452)

10 American Century One Choice 0 1.088***  -0.337*** 0.762 128
(0.195) (0.072)

11 TIAA-CREF Lifecycle Index 1 0.575%** -0.090 0.310 225
(0.179) (0.126)

12 KP Retirement Path 0 0.037 0.987* 0.525 101

0249)  (0.538)
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Table A.4: Fit of TDF rebalancing model with three-asset-class model

This table estimates the relationship between actual rebalancing by TDFs in quarter g with respect to domestic equity,
foreign equity, and fixed income positions, and the predicted values of rebalancing in those asset classes given the TDFs’
sub-asset-class shares and realized sub-asset-class returns during quarters g and g — 1. Dependent variables Rebal, /
TNA;-1 in columns 1-3 (4-6 and 7-9) is TDF-level rebalancing trade in quarter g with respect with domestic equity
(foreign equity and fixed income), divided by TDF TN A in quarter q — 1 and winsorized at 1% and 99%. Pred.rebal,
(Pred.rebal,_1) stands for predicted rebalancing in response to the realized return of quarter g and is calculated as follows.
Suppose the share of domestic equity, foreign equity, and bond are 4, b, and 1 — a — b, predicted rebalancing in columns
1-3is calculated as —a(1 — a)(RPE — RB) + ab(RFE — RB) where a and b are measured in quarter g — 1, and RPF and RFE
denote total returns of the U.S. equity market and foreign equity market respectively. Predicted rebalancing in columns
4-6 is calculated as —b(1 — b)(R'E — RB) + ba(RPE — RP), and predicted rebalancing in columns 7-9 is calculated as
zero minus the sum of the predicted rebalancing amounts in DE and FE, so that rebalancing trades sum up to zero.
Pred.rebal, 1 stands for the value of predicted rebalancing in response to the realized return of quarter 4 — 1. The sample
is restricted to TDF-quarters during 2008Q3-2018Q4 where the value of available holdings (including cash) is larger than
90% of fund assets, the equity share does not change by more than 5% from the previous quarter (to exclude glide path
adjustments), and the fund assets do not grow by more than 50% from the previous quarter (to exclude fund mergers).
Control variables include lagged quarter’s log TDF TN A, log Series size, Cash share, and current quarter’s TDF flow rate,
TDF quarterly return, and Years to retirement. Standard errors are clustered two ways by TDF and quarter. *p < .1; **p <
.05; ***p < .01

1) () 3) “4) ®) (6) ) (8) )
Rebal(DE)q / TNAq_l Rebal(FE)q / TNAq_l Rebal(l—“l),7 / TNAq_l
All Passive  Active All Passive  Active All Passive  Active

Pred.rebal, — 0.456** 0734 0329% 0.380%* 0.648"* 0252 0.446"* 0.626"* 0.379%*
0.087)  (0.060) (0.125) (0.071)  (0.092)  (0.086)  (0.071)  (0.132)  (0.073)

Pred.rebal,_; 0113  0.136* 0092 0033  0.011 0.040  0.101 0278  0.002
(0.075)  (0.054)  (0.100) (0.061)  (0.076)  (0.083)  (0.089)  (0.198)  (0.056)

Controls yes yes yes yes yes yes yes yes yes
TDF FE yes yes yes yes yes yes yes yes yes
Observations 4,670 1,539 3,131 4,670 1,539 3,131 4,670 1,539 3,131
R-squared 0.172 0.367 0.148 0.196 0.272 0.191 0.252 0.380 0.222
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Table A.5: TDF rebalancing: actual vs. predicted by fund size

This table estimates the relationship between actual rebalancing by TDFs in quarter g and the predicted values of rebalancing
given the TDFs’ equity shares and realized differential asset-class returns during the third, second, and first months of quarter g
and during g — 1 in subsamples of small, medium, and large TDFs. Rebal(E)q / TNA, 1 (Rebal(FI); / TN A, 1) in panel A (B) is
TDF-level rebalancing trade in quarter g with respect with equity (bond), divided by TDF TN A in quarter 4 — 1 and winsorized
at 1% and 99%. Fund size groups small, medium and large are based on cross-sectional sorting of TDF fund size into terciles.
Pred.rebalg ;— stands for predicted rebalancing in response to the realized return of the tth month of quarter g, and is calculated
as —S(1 — S)(RE — RB), ,y—; in panel A and S(1 — S)(RE — RB), ,,—; in panel B, where S is the TDF’s equity share in 4 — 1 and
(RE — RB), ,u—¢ stands for the monthly excess return of the equity market over the bond market in month ¢. Pred.rebal, 1 stands
for the value of predicted rebalancing in response to the realized return of quarter g — 1. RF is approximated by the weighted
average between total U.S. and foreign equity market return, where the weights follow the proportions of domestic and foreign
equity in a TDF’s equity holdings in quarter g4 — 1. The sample is restricted to TDF-quarters during 2008Q3-2018Q4 where the value
of available holdings (including cash) is larger than 90% of fund assets, the equity share does not change by more than 5% from
the previous quarter (to exclude glide path adjustments), and the fund assets do not grow by more than 50% from the previous
quarter (to exclude fund mergers). Control variables include lagged quarter’s log TDF TN A, log Series size, Cash share, and current
quarter’s TDF flow rate, TDF quarterly return, and Years to retirement. Standard errors are clustered two ways by TDF and quarter.
*p <.1;¥p < .05; ***p < .01.

O @) ©) 4) ©) (6)

A. Rebal(E)q / TNA; 1
Passive Active
Small Medium Large Small Medium Large

Pred.rebaly,,—3 0842 0207  0.611*  0.150 0.467 0.425
(0.220)  (0.145)  (0.158)  (0.308)  (0.293)  (0.447)
Pred.rebaly,— 0582  0.863*** 0.879** 0701* 0355  1275"
0.170)  (0.158)  (0.092)  (0.330)  (0.232)  (0.558)
Pred.rebaly,— 1025  0.783%%  0.832* 0.728"*  0.680*  1.060***
(0.136)  (0.149)  (0.102)  (0.242)  (0.260)  (0.238)
Pred.rebal, 1  0217**  0.130 0.041 0.355 0.040  0.477*
(0.090)  (0.080)  (0.061)  (0.265)  (0.194)  (0.233)

Controls yes yes yes yes yes yes
TDF FE yes yes yes yes yes yes
Observations 515 530 474 1,014 1,000 1,067
R-squared 0.434 0.407 0.717 0.277 0.285 0.191
B. Rebal(FI)q / TNA; 1

Passive Active

Small Medium  Large Small Medium  Large

Pred.rebaly,—  0.634*  1032%% 0802  -0.087  0.527%%  (.565**
(0.140)  (0.175)  (0.311)  (0.216)  (0.126)  (0.138)

Pred.rebaly,,—, 0785 1443%* 0873 0439  0.555"*  0.280*
(0.148)  (0.383)  (0.364)  (0.268)  (0.125)  (0.152)

Pred.rebaly =1 0.315* 0.221 0.075 0.325 0.164 0.459***
0.172) (0.343) (0.353)  (0.234) (0.115) (0.149)
Pred.rebaly_q 0.185 0.348* 0.216 -0.178 0.155%* -0.014
(0.125) (0.176) (0.258)  (0.154) (0.064) (0.089)
Controls yes yes yes yes yes yes
TDF FE yes yes yes yes yes yes
Observations 515 530 474 1,014 1,000 1,067
R-squared 0.462 0.443 0.526 0.271 0.291 0.241
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Table A.6: TDF rebalancing: actual vs. predicted under small and large return shocks

This table estimates the relationship between actual rebalancing by TDFs in quarter g and the predicted values of rebalancing given
the TDFs’ equity shares and realized differential asset-class returns during the third, second, and first months of quarter 4 and
during g — 1 in subsamples of small and large differential asset class return shocks. Rebal(E); / TNA; 1 (Rebal(FI); / TNA; 1) in
panel A (B) is TDF-level rebalancing trade in quarter g with respect with equity (bond), divided by TDF TN A in quarter 4 — 1 and
winsorized at 1% and 99%. Small (large) shocks are those where RE — R® is less (more) than one standard deviation from the mean.
Pred.rebalg ;— stands for predicted rebalancing in response to the realized return of the tth month of quarter g, and is calculated
as —S(1 — S)(RE — RB), ,y—; in panel A and S(1 — S)(RE — RB), ,,—; in panel B, where S is the TDF’s equity share in 4 — 1 and
(RE — RB), ,u—¢ stands for the monthly excess return of the equity market over the bond market in month ¢. Pred.rebal, 1 stands
for the value of predicted rebalancing in response to the realized return of quarter g — 1. RF is approximated by the weighted
average between total U.S. and foreign equity market return, where the weights follow the proportions of domestic and foreign
equity in a TDF’s equity holdings in quarter g4 — 1. The sample is restricted to TDF-quarters during 2008Q3-2018Q4 where the value
of available holdings (including cash) is larger than 90% of fund assets, the equity share does not change by more than 5% from
the previous quarter (to exclude glide path adjustments), and the fund assets do not grow by more than 50% from the previous
quarter (to exclude fund mergers). Control variables include lagged quarter’s log TDF TN A, log Series size, Cash share, and current
quarter’s TDF flow rate, TDF quarterly return, and Years to retirement. Standard errors are clustered two ways by TDF and quarter.
*p <.1;¥p < .05; ***p < .01.

(1) @) 3) (4)
A. Rebal(E)g / TNAg 4
Small shock Large shock

Passive  Active Passive  Active

Pred.rebalg =3  0.545* 0.713 0.509***  0.402*
(0.211)  (0.585)  (0.105)  (0.211)
Pred.rebaly —  0.969%*  0.890"*  0.826™**  0.829***
(0.183)  (0.398)  (0.109)  (0.273)
Pred.rebaly =1 0.937%%*  1.023***  0.953***  0.973***
(0.131)  (0.346)  (0.094)  (0.164)
Pred.rebal, 1 0.118 0.191 0.045 0.097
(0.101)  (0.168)  (0.068)  (0.165)

Controls yes yes yes yes
TDF FE yes yes yes yes
Observations 1,239 2,479 1,415 2,868
R-squared 0.315 0.176 0.420 0.212
B. Rebal(FI)q / TNA; 1

Small shock Large shock

Passive  Active Passive Active

Pred.rebaly,—3  0.420* 0078 0018  0.295*
(0.153)  (0.286)  (0.288)  (0.140)
Pred.rebaly,,—,  0.828"*  0.083 1168 0.336"
(0.129)  (0.251)  (0.219)  (0.140)
Pred.rebaly,—  0.806**  0.171  0.981** 0375
(0.106)  (0.140)  (0.165)  (0.132)
Pred.rebal,_ 0.066  0.169* 0366  0.031
0.076)  (0.088)  (0.227)  (0.097)

Controls yes yes yes yes
TDF FE yes yes yes yes
Observations 1,239 2,479 1,415 2,868
R-squared 0.288 0.201 0.449 0.214
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Table A.7: Flow sensitivity of funds without TDF investments

This table estimates the flow-performance relationship in mutual funds without TDF investment during 2008.7-2018.12.
Observations are at the mutual fund monthly level. The sample in columns 1-3 (4-6) includes domestic equity funds
(corporate bond funds) which are not held by any TDF during the sample period. The dependent variable Fund flow
is the monthly fund flow rate, defined as the growth rate in fund assets in excess of the realized net fund return.
Observations where the lagged asset size is less than $10 million or where the dependent variable is below 1% or above
99% are dropped. RE — RP is the excess return of the U.S. total stock market over the U.S. total bond market. Index fund
equals one if a mutual fund is an index fund. Control variables include the lagged month’s log Fund size, log Fund family
size, current month’s log Fund age, Expense ratio, and lagged Return volatility. Standard errors are clustered two ways by
time and fund. *p < .1; **p < .05; **p < .01.

1) 2) G | @ ©) (6)

Fund flow;
Domestic equity funds Bond funds
All Index Active All Index  Active

(RE — RB), 0.068***  0.106***  0.067*** | 0.041***  0.018  0.041***

(0.022) (0.016) (0.022) (0.013)  (0.018)  (0.013)
(RE — RB); x Index fund 0.034* -0.024

(0.018) (0.018)
(RE —RB), 4 0.040***  0.077** 0.040*** | 0.013  -0.020  0.013

(0.014) (0.017) (0.014) (0.011)  (0.020)  (0.011)
(RE — RB); 1 x Index fund  0.034** -0.035*

(0.015) (0.019)
Controls yes yes yes yes yes yes
Fund FE yes yes yes yes yes yes
Time FE no no no no no no
Observations 301,026 52,203 248,823 | 183,329 12,270 171,059
R-squared 0.176 0.118 0.191 0.197 0.185 0.184
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Table A.8: TDF ownership and foreign equity fund flows

Columns 1-3 estimate the effect of TDF ownership on the mutual fund flow-performance relationship in the foreign-
equity fund sample. Columns 4-6 estimate the flow-performance relationship in mutual funds without TDF investment.
Observations are at the mutual fund monthly level during 2008.7-2018.12. The dependent variable Fund flow is the
monthly fund flow rate, defined as the growth rate in fund assets in excess of the realized net fund return. Observations
where the lagged asset size is less than $10 million or where the dependent variable is below 1% or above 99% are
dropped. RF — R® is the excess return of the U.S. total stock market over the U.S. total bond market. Frac.by TDFs is
measured as the fraction of fund assets held by TDFs, measured at the end of the previous quarter. Index fund equals
one if a mutual fund is an index fund. Control variables include the lagged month’s log Fund size, log Fund family size,
current month’s log Fund age, Expense ratio, and lagged Return volatility. Standard errors are clustered two ways by time

and fund. *p <.1; **p < .05; **p < .01

@

)

©)

(4) (5) (6)

Foreign equity fund flow;
TDF-invested

Non-TDF-invested

All Index Active All Index Active

(RE — RB); x Frac.by TDFs; 4 -0.174**  -0.386%**  -0.143***

(0.049) (0.119) (0.048)
(RE—RPB);_1 x Fracby TDFs;_y  -0.127** 0172 -0.123*

(0.059) (0.107) (0.057)
(RE — RB), 0.060%**  0.163***  0.057*** | 0.097*** 0.123***  0.097***

(0.016) (0.029) (0.016) (0.020) (0.022) (0.020)
(RE — RB); x Index fund 0.092*** 0.028

(0.032) (0.018)
(RE —RB),_4 0.028* 0.016 0.029* 0.070***  0.106***  0.070***

(0.015) (0.035) (0.015) (0.018) (0.025) (0.018)
(RE — RB), 1 x Index fund -0.014 0.034*

(0.030) (0.018)
Frac.by TDFs; 4 0.005 -0.004 0.007

(0.005) (0.011) (0.005)
Controls yes yes yes yes yes yes
Fund FE yes yes yes yes yes yes
Time FE no no no no no no
Observations 19,559 5,731 13,828 117,284 23,927 93,357
R-squared 0.158 0.125 0.174 0.195 0.130 0.223
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Table A.9: Market betas by TDF quintile

This table reports means and standard deviations of market betas in pre- and post-PPA periods by quintiles of TDF
ownership. Observations are collapsed to the stock level and TDF quintiles are ranked based on the average TDF
ownership during 2010-2018. Market betas are estimated using a seven-factor risk-adjustment model, where the factors
include Market-rf, SMB, HML (Fama and French, 1993), momentum (Carhart, 1997), liquidity (Pastor and Stambaugh,
2003), profitability, and investment (Fama and French, 2015), and are estimated twice for each stock using all available
monthly returns during 1996-2005 (pre-PPA period) and 2010-2019 (post-PPA period) respectively. Statistics of difference
tests on means between pre and post are reported for each TDF quintile.

Beta on (Mkt-Rf) High TDF (quint.=5) quint.=4 quint=3 quint.=2 Low TDF (quint.=1)
N=326 N=457 N=460 N=355 N=232
Pre 96.01-05.12  Mean 1.189 1.136 1.027 1.005 0.998
Std. dev (0.638) (0.576)  (0.527)  (0.656) (0.593)
Post 10.01-19.12 Mean 1.077 1.060 0.985 1.003 0.951
Std. dev (0.487) (0.387)  (0.437)  (0.576) (0.553)
Diff (post - pre) Mean -0.112** -0.076** -0.042 -0.002 -0.047
Std. err (0.044) (0.032) (0.032) (0.046) (0.053)
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Table A.10: TDF ownership and stock return sensitivity to market performance in sub-periods

This table examines the relationship between TDF ownership and monthly stock return sensitivity to differential asset class
performance during two sub-periods 2010-2014 and 2015-2018. The dependent variable 7-factor alpha is the risk-adjusted return
winsorized at 1% and 99%, where the factors include Market-rf, SMB, HML (Fama and French, 1993), momentum (Carhart, 1997),
liquidity (Pastor and Stambaugh, 2003), profitability, and investment (Fama and French, 2015). Beta loadings are estimated using
1996-2005 (36-month rolling windows) in panel A (panel B). TDF (%) is the percentage of a stock indirectly owned by TDFs measured
at the end of the previous quarter. Return,,_1 and Return,, ¢, ,—2 are raw returns in month m — 1 and cumulative raw returns
during months m — 6 to m — 2, respectively. The pre-PPA period (falsification test) includes 1987-2005 and factor betas for that test
use the window 1977-1986 in panel A and 36-month rolling windows in panel B. TDF(%) in the falsification test is measured as
averages during 2010-2018. The sample includes NYSE-, NASDAQ-, and AMEX-traded stocks with market capitalizations that are
above the fifth percentile on the NYSE and with beginning-of-month prices above five dollars. Control variables include log of
lagged values of Market capitalization, Monthly volume/Shares out., Market-to-book ratio, and lagged values of Dividend yield 12m, ROE,
Investment, Illiquidity, and Mutual fund ownership. Standard errors in this table are clustered two ways by time and stock.

1) ) ©) 4 ©) (6)
A. 7-Factor alpha pre-window,y,
2010-2014 2015-2018
(RE — RB),, x TDF; 1(%) -0.037 -0.057* -0.039 -0.040**  -0.042**  -0.062***
(0.033) (0.034) (0.033) (0.019) (0.020) (0.022)
(RE—RB),, 1 x TDF,; 1(%) (%) 0.008 -0.005 -0.020 -0.012 -0.018 -0.023
(0.019) (0.023) (0.024) (0.019) (0.020) (0.019)
TDF; 1(%) -0.002**  -0.001 -0.001  -0.002***  -0.001 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Returny,,_q -0.032***  -0.032*** -0.023**  -0.025**
(0.011) (0.011) (0.010) (0.010)
Returny,_g 1o m—2 -0.008 -0.008* -0.000 -0.000
(0.005) (0.005) (0.007) (0.007)
Control for characteristics no yes yes no yes yes
Characteristics x (RF — R5) no no yes no no yes
Time-by-industry FE yes yes yes yes yes yes
Observations 85,527 69,744 69,744 63,056 57,597 57,597
R-squared 0.204 0.212 0.214 0.235 0.250 0.251
B. 7-Factor alpha rolling-window,
2010-2014 2015-2018
(RE — RB),; x TDF,_1(%) -0.031 -0.028 -0.037 -0.013 -0.013 -0.019
(0.022) (0.025) (0.025) (0.013) (0.012) (0.013)
(RE—RB),, 1 x TDF; 1(%) 0.016 -0.001 -0.011 -0.029**  -0.023* -0.018
(0.018) (0.022) (0.022) (0.014) (0.014) (0.015)
TDF; 1(%) -0.002** -0.001 -0.001  -0.002***  -0.001**  -0.001*
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Return,, -0.020 -0.021 -0.006 -0.007
(0.012) (0.013) (0.016) (0.015)
Returny,_g o m—2 -0.000 -0.000 -0.008 -0.008
(0.005) (0.005) (0.007) (0.007)
Control for characteristics no yes yes no yes yes
Characteristics x (RF — R5) no no yes no no yes
Time-by-industry FE yes yes yes yes yes yes
Observations 109,618 89,758 89,758 96,168 86,818 86,818
R-squared 0.181 0.185 0.186 0.151 0.160 0.160
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Table A.11: Stock-level TDF rebalancing and quarterly return

This table examines the relationship between stock-level TDF rebalancing and quarterly returns during 2010-2018.The
dependent variable Quarterly 7-factor alpha is the quarterly risk-adjusted return winsorized at 1% and 99%, where
the factors include Market-rf, SMB, HML (Fama and French, 1993), momentum (Carhart, 1997), liquidity (Pastor and
Stambaugh, 2003), profitability, and investment (Fama and French, 2015). Beta loadings are estimated using 1996-2005
(36-month rolling windows) in panel A (panel B). TDF rebalancing, represents the quarterly TDF rebalancing trades
allocated to the stock level, by i) distributing TDF rebalancing trades to the underlying mutual funds according to lagged
portfolio weights of the funds in the TDF portfolio, followed by aggregating up the trades by different TDFs to the fund
level, and ii) allocating mutual fund level TDF-induced rebalancing flows to the stock level according to lagged weights
of stocks in mutual fund portfolios, followed by summing up the trades at the stock level. The sample includes NYSE-,
NASDAQ-, and AMEX-traded stocks with market capitalizations that are above the fifth percentile on the NYSE and
with beginning-of-quarter prices above five dollars. Control variables include log of lagged values of Market capitalization,
Monthly volume/Shares out., Market-to-book ratio, and lagged values of Dividend yield 12m, ROE, Investment, Illiquidity, and
Mutual fund ownership. Standard errors in this table are clustered two ways by time and stock.

@) ) ©)

A. Quarterly 7-factor alpha (pre-window),
TDF rebalancing, 7.189*  6.440% 6.313*

(3.459)  (3.273) (3.171)
Controls no yes yes
Characteristics x (RE — RB) no no yes
Time-by-industry FE yes yes yes
Observations 172,200 139,389 139,389
R-squared 0.317 0.353 0.354
B. Quarterly 7-factor alpha (rolling-window),
TDF rebalancing, 5512 4.530 4.855

(3.495)  (3.615) (3.939)
Controls no yes yes
Characteristics x (RE — RB) no no yes
Time-by-industry FE yes yes yes
Observations 172,200 139,389 139,389
R-squared 0.310 0.342 0.342
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Table A.12: Mean test of monthly return of trading strategies

This table shows the p-values of mean tests for the monthly returns from investing in a portfolio of stocks with the highest
TDF ownership and shorting a portfolio with the lowest TDF ownership when the excess stock market return in the
current month (columns 1-4) or previous month (columns 5-8) is negative, and the reverse when the excess stock market
return is positive. A graphical representation of the cumulative profits are shown in Figure 5. The sample includes
NYSE-, NASDAQ-, and AMEX-traded stocks with market capitalizations that are above the fifth percentile on the NYSE
and with beginning-of-month prices above five dollars. In each quarter and within each size group based on market
capitalization (the size groups are defined according to NYSE size breakpoints that are at 5-percentile increments), stocks
are sorted two-ways into quintiles, first by mutual fund ownership (calculated as the sum of ownership by mutual funds
which are not held by TDFs), and second by TDF ownership. The trading strategy in columns 1-4 (columns 5-8) invests
in the highest TDF portfolio and shorts the lowest TDF portfolio in month ¢ if RE—RB,m < ORE—-RB,m—1<0)
and takes the reverse positions (long the lowest TDF portfolio and short the highest TDF portfolio) if RE — RE,m > 0
(RE —REm—1> 0). Columns 1-2 and 5-6 test the mean of the monthly 7-factor (Market-rf, SMB, HML, momentum,
liquidity, profitability and investment) alphas where betas are estimated using the pre-PPA window of 1996-2005, and
columns 3-4 and 7-8 test the mean of the rolling-window 7-factor alphas of the respective strategies.

o @ 6 @) G © O ®)
Current return strategy Lagged return strategy
7-Factor alpha (%) pre-window  rolling-window | pre-window  rolling-window
EW VW EW VW EW VW EW VW
Mean 0.458 0.501 0438 0455 | 0338 0.214 0.437  0.385
SD 1549 1594 1524 1542 | 1580 1.657 1524  1.561
Ho: Mean=0, p-value 0.003 0.002 0.004 0.003 | 0.028 0.182 0.004 0.012

Table A.13: Breakdown of TDF holdings of bond funds

This table shows the breakdown of TDF holdings of bond funds. Observations are at TDF-quarterly frequency. The
fraction in each category is calculated as the value of TDF holdings in that category divided by the total value of the
TDF’s bond fund holdings.

TDF quarterly, N=13,110 Mean Median SD

Corporate 0.671 0.735 0.295
Government 0.141 0.066 0.207
Foreign 0.090 0.015 0.137
Other 0.099 0.000 0.211
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Appendix B: TDF and BF holding data quality

TDFs are identified in the CRSP Mutual Fund Database by fund names containing target
retirement years of 2000, 2005, 2010, ..., or 2065. Balanced funds are identified using Lipper
classifications including B (balanced funds), MTAA /MTAC/MTAG/MTAM (mixed-asset target
allocation aggressive/conservative/growth/moderate), MTRI (retirement income), and MAT]J
(mixed-asset target today).

Figure B.1 suggests several quarters have lower coverage of holdings data, mainly 2010Q2,
2010Q3, and 2015Q2. Results in this paper are similar whether we include or drop these quarters.
We also assessed the quality of holdings data of the balanced funds. Figure B.2 panel B suggests
that the coverage of BF holdings is worse than that of TDFs, which is another reason we do not

include the BFs in our main analyses, but results on BFs are available upon request.

Figure B.1: TDF holding data quality

This figure plots the values of available TDF holdings from the CRSP Mutual Fund Database against the total asset values
of TDFs over 2003-2018. The solid line represents the total AUM of TDFs. The dotted line shows the total values of TDF

holdings that can be matched to mutual funds.
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Figure B.2: Balanced fund holding data quality

Panel A plots the values of available balanced fund holdings from the CRSP Mutual Fund Database against the total
asset values of balanced funds over 2003-2018. The solid line represents the total AUM of balanced funds. The line MF
represents the total values of BF holdings that can be matched to mutual funds. MF+Stock shows the total values that can
be matched to mutual funds and stocks. Total holdings available represents values of all holdings including those where
the CUSIPs cannot be matched to mutual funds or stocks (possibly holdings of individual bonds). Total holdings and
cash add cash to holdings of mutual funds and securities. Panel B shows the value of balanced funds-of-funds in the
dashed line. Balanaced funds-of-funds are defined as the balanced funds with at least 80% of assets invested in mutual

funds.
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Appendix C: Calculation of price elasticity of demand

We rely on the estimated price effect in Table VII (the coefficient -0.04 on RE — RB, m x TDF(%)),
and scale this coefficient to -0.01 to account for holdings of all TDFs, CITs, and BFs. Suppose the
ownership of stock i by these funds is X;%. Let the aggregate TDF, CIT, and BF portfolio value be
A and its target equity share be S*. Further, let w; be the weight out of the equity portion that is
allocated to stock i. Then X;% = w;S*A/M;, where M,; is the market capitalization of stock i. S* in
the representative TDF portfolio is roughly 70% in the data.

To calculate A%Price, we take the adjusted coefficient -0.01 which measures the incremental
return (or change in price) due to each 1% of representative TDF ownership. Consider a 10%
increase in the U.S. equity market in month m. The coefficient of -0.01 implies that the return of
stock 7is 0.01 x 10% x X; = 0.001X; lower in month m due to TDF-type trading by these funds.

For A%Demand, we estimate that for the same increase in the equity market, the representative
TDF (including CITs and BFs) sells equity at —0.7 x 0.3 x 10% = —2.1% of its portfolio value
according to the rebalancing formula. The dollar amount of equity sold by the aggregate is therefore
—0.021A. Assume this representative TDF fund sells all the stocks in its portfolio in proportion to
portfolio weights, and all rebalancing is implemented in the same month as the return shock, then it
sells 0.021 Aw; dollar value of stock i, or fraction 0.021Aw;/ M; = (0.021/0.7) x X;% = 0.0003X; of

stock i’s market capitalization in month m. The elasticity is therefore —0.0003X;/0.001X; = —0.3.
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Appendix D: S&P 500 index inclusion details and tables

The S&P inclusion rule is based on a set of eligibility criteria, including domicile, stock exchange,
years since IPO, financial viability, market capitalization, and liquidity. After the eligibility criteria
are satisfied, the “index committee” at S&P Global has discretion over the composition of the index,
and in particular, considers a “sector balance.”*

We construct a group of control stocks for stocks in the S&P 500, following the methodology in
Denis et al. (2003). First, based on the eligibility criteria, we screen the full sample of stocks and
restrict to stocks that are domiciled in the U.S., traded on the eligible exchanges, at least one year
from the IPO, and have positive sum of earnings in the recent four quarters as well as positive
earnings in the most recent quarter. Second, in each of the 12 Fama-French industry portfolios, we
first divide the stocks into 3 groups based on terciles of market capitalization, with equal numbers of
stocks in each group, and then further divide each industry and size group into another three based
on liquidity (defined as the annual trading volume divided by the number of shares outstanding).
This way we obtain 108 portfolios. Third, we map the S&P 500 stocks to the 108 portfolios (multiple
S&P stocks can be mapped to the same portfolio) and use the other stocks in the corresponding
portfolios that are not included in the index as a control for the index-included stocks. Throughout
the sample period, 53 out of the 108 portfolios can be matched with S&P 500 stocks.

In addition to the results discussed in the main paper, Table IX also shows that stocks included in
the S&P 500 have lower market momentum than otherwise similar stocks due to higher ownership
by TDFs. Consistent with the variation around index inclusion being driven primarily by active
TDFs which rebalance at a slower pace, the speed of the impact on stock returns is slower than that
found in Table VIL

As noted in the main paper, index inclusion leads to an increase in price (Harris and Gurel, 1986;
Shleifer, 1986; Wurgler and Zhuravskaya, 2002; Chang, Hong, and Liskovich, 2015), to excess daily
return volatility due to exchange-traded fund (ETF) trading (Ben-David, Franzoni, and Moussawi
(2018)), and to more co-movement with other stocks in the index (Barberis, Shleifer, and Wurgler,
2005; Boyer, 2011). Our analysis focuses on a different dimension of returns than these papers.

Our analysis of the sensitivity of stock return to the lagged market returns would be unaffected

“See https:/ /us.spindices.com/documents/methodologies /methodology-sp-us-indices.pdf .
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by any return-level effect of inclusion in the index. Thus, our results are unlikely to be driven
by a general increase in demand for a stock on inclusion in the index. Our results are also quite
distinct from the ETF-induced excess volatility. Our conversations with practitioners suggest that
TDFs rebalance at much lower frequency than the trading strategies of ETFs, motivating our choice
of monthly rather than daily returns. Finally, co-movement concerns the correlation between
contemporaneous stock return and market performance, while we focus on the relation with lagged
market returns. Obviously, if the market return follows a random walk, co-movement does not
generate any prediction on the effect of index inclusion on the stock-level market momentum. If the
market return were serially positively correlated, then co-movement would predict an increase in
the sensitivity to market momentum in index-included stocks rather than the negative effect we
tind. However, we find, only in the recent period with TDFs, that the S&P index has negative serial
correlation, as we discuss in the next section.

We conduct a two-stage least squares analysis to try to estimate the effect of TDF ownership

using S&P 500 index inclusion as an instrument. Specifically, the second-stage equation is:

Alphaipy = 71(R = RP)y X TDF(%)im + 12(R" = R®) 1 X TDF(%) i
+HTDF(%)im + EXipy + 61 Xip - (RE — RB), + 62X, - (RE — RB),, 4

+0pm + Returng, 1+ Return;y—¢tom—2 + €ipm (D.1)

where TDF (%), is predicted TDF ownership obtained from the first-stage regression following
equation (6). In some specifications, we allow the relationship between S&P index inclusion and
TDF(%) to vary over time (consistent with the growth of TDFs and their use of different indexes),
but within each period, all variation in TDF(%) is just that driven by S&P inclusion.

Table D.2 presents the results of this analysis. The point estimates are an order of magnitude
larger than those in our main analysis, and the standard errors are roughly the same size as the

coefficients, so that one cannot reject any hypothesis of interest.
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Table D.1: Summary statistics: S&P 500 stocks and control group

This table presents summary statistics of the matched sample of S&P 500 stocks with the control group. Observations
are at stock-by-month level during 2010-2018 and include S&P 500 stocks and control stocks matched on industry, size,
and liquidity, following Denis et al. (2003). Monthly return is the monthly total return of a stock. 7-Factor market beta,
pre-window (rolling) is the factor loading on the market factor estimated using a 7-factor model that includes Market-rf,
SMB, HML (Fama and French, 1993), momentum (Carhart, 1997), liquidity (Pastor and Stambaugh, 2003), profitability,
and investment (Fama and French, 2015) in the pre-PPA window of 1996-2005 (using 36-month rolling windows). 7-
Factor alpha, pre-window (rolling-window) is the monthly return adjusted for factor returns using betas estimated with the
pre-window (rolling-window). TDF ownership refers to the fraction of a stock owned indirectly by TDFs through mutual
funds. Mutual fund ownership is the fraction of a stock owned by equity mutual funds that have no investment from
TDFs. Market capitalization is total shares outstanding times the share price. Monthly volume/Shares out. is monthly trading
volume normalized by the number of shares outstanding. Market-to-book ratio is the ratio between market value and
book value of common shares. Dividend yield 12m is the trailing-12-month cash dividend per share divided by the share
price. ROE is calculated as quarterly revenue minus COGS, SG&A and interest expense, divided by lagged book value of
common shares. [nvestment measures the quarterly growth rate in total assets. Illiquidity is the quarterly average of square
root of the daily ratio between absolute return and trading volume measured in millions (Amihud, 2002). Return,;, is the
lagged raw monthly return. Return, ¢y m—2 is the cumulative return from month m — 6 to m — 2. p-values of difference
tests on means are reported.

S&P 500 stocks | Control group

N=8,289 N=7,620
Mean SD ‘ Mean SD ‘ p-value
Monthly returny, (%) 0.963 7.722 1.344  8.370 0.00
7-Factor market beta pre-window 1.269  0.551 1126 0.653 0.00
7-Factor market beta rolling,, 1 1.018 0.461 1.074 0518 0.00
7-Factor alpha pre-window, (%) 0.001  7.381 0.455  8.097 0.00
7-Factor alpha rolling-window,, (%) 0.165 7.205 0.548 7.780 0.00
TDF ownership,_1 (%) 0.662 0423 | 0.740 0.653 0.00
Mutual fund ownership, 1 (%) 22.662  6.548 | 29.703  8.592 0.00

Market capitalization,, 1 ($ billion) 35.744 85.618 | 4.350 3.172 0.00
(Monthly volume/ Shares out.),, 1 0.220 0.182 | 0.206  0.151 0.00

Market-to-book ratiog 1 5226  6.312 4147 5.703 0.00
Dividend yield 12mq_1 (%) 1.578 6.094 1.177 2.611 0.00
ROEq,l (%) 9.795 8.356 7.808 9.063 0.00
Investment, 1 (%) 2680 8980 | 3.160 10.090 0.00
Illiquidityq_l 0.009 0.004 0.021 0.011 0.00
Return,,_1 (%) 0.012 0.075 0.017 0.083 0.00
Returiy, g 10m—2 (%) 16490 23310 | 20.160 24.812 | 0.00
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Table D.2: 2SLS estimate of stock return sensitivity to lagged market performance

This table estimates the relationship between TDF ownership and stock returns in response to recent market performance
using a two-stage least squares procedure. TDF ownership in month m is instrumented by S&P 500 membership in
month m. The sample includes the matched sample of S&P 500 stocks with control stocks. The dependent variable is
7-factor-adjusted alpha winsorized at 1% and 99%, where the factors include Market-rf, SMB, HML (Fama and French,
1993), momentum (Carhart, 1997), liquidity (Péstor and Stambaugh, 2003), profitability, and investment (Fama and
French, 2015), beta loadings are estimated using 1996-2005 (36-month rolling windows) in columns 1-2 (columns 3-4). The
first stage corresponding to columns 1 and 3 estimates an average effect of S&P 500 membership on TDF ownership. The
first stage corresponding to columns 2 and 4 allows the effect of S&P 500 membership on TDF ownership to vary month
over month. Pred.TDF,, represents predicted TDF ownership from the first stage. Return,,_; and Returtiy, ¢ m—2 are
raw returns in month m — 1 and cumulative raw returns during months m — 6 to m — 2, respectively. Standard errors in
this table are block-bootstrapped with clustering by time and stock over 500 repetitions.

) ) ) 4)
7-Factor alpha pre-window,,  7-Factor alpha rolling-window,,
(RE — RB),, x Pred. TDF,,(%) -0.799** -0.422 -0.212 -0.120
(0.318) (0.284) (0.253) (0.174)
(RE — RB),,_1 x Pred. TDF,,(%)  0.013 -0.005 -0.243 -0.272
(0.297) (0.179) (0.249) (0.171)
Pred. TDFy, (%) -0.006 0.010 0.006 0.014
(0.024) (0.016) (0.022) (0.016)
Returng,_q -0.069*** -0.069*** -0.041*** -0.041**
(0.016) (0.018) (0.013) (0.016)
Returniy, g 1o m—2 -0.008 -0.008 -0.006 -0.006
(0.008) (0.011) (0.007) (0.008)
Controls yes yes yes yes
Characteristics x (RF — RB) yes yes yes yes
Time-by-peer group FE yes yes yes yes
Stock FE yes yes yes yes
Time variation in first stage no yes no yes
Observations 12,154 12,154 16,441 16,441
R-squared 0.282 0.281 0.230 0.230

27



Appendix E: Additional details on bonds

Data on corporate bond mutual funds come from CRSP, and we identify corporate bond funds
as those with Lipper classifications of A, BBB, HY, SII, SID, IID, or CRSP objective codes starting in
IC. We obtain the holdings of the corporate bond funds from CRSP and map them using CUSIP
codes to the corporate bonds in WRDS Bond Returns and the treasury securities in CRSP Treasuries.
Following Choi et al. (2020), to reduce the effect of potential data errors, we restrict the sample
to bond funds where at least 20% of the fund assets are invested in corporate bonds, and where
the quarterly growth rate in fund size is larger than -50% and smaller than 200%. We measure
cash as the sum of fractions of assets held in cash, treasuries, and money market funds. The
fraction held by TDFs at the bond level follows the analogous formula as that for stocks, i.e.,
TDF.4-1 = Zjkacjq-1bjrq-1 for corporate bond c in the lagged quarter 4 — 1, where a.;,; 1 is the
fraction of bond ¢ held by mutual fund j and bj, 1 is the fraction of mutual fund j held by TDF
k. The two measures of illiquidity are based on Choi et al. (2020): the Roll (1984) measure of
effective bid-ask spread based on first-order serial covariance of price changes, and the fraction of
zero-trading days during a quarter.

Our regression specification is:

Returnemy = A (RE — RP), x TDFy_1 4+ A2(RF = RP),y_1 x TDFey_1 + yTDFey_1 + &Xem
+61 Xem - (RE - RB)m + 6o Xem - (RE - RB)m_l + Returng,—1 + Returticm—e tom—2

+9mt + 0 + €cm (El)

where c indexes the corporate bond, m represents a month, t refers to Years to maturity in integer
years, and r indicates the credit rating. The regression controls for 6, years-to-maturity(integer)-
by-time fixed effects, and o;, rating fixed effects. X, is a set of bond characteristics including
fraction of the bond held by mutual funds with no TDF investment, amount outstanding, trading
volume, Roll (1984) illiquidity measure, and the fraction of zero-trading days in a quarter. Because
TDFs buy into bonds when RE — RE > 0, we expect the coefficients A; and A5 to be positive.

Table E.1 presents the estimates of equation (E.1). Column 1 presents the baseline estimate

without controlling for bond characteristics and shows no effect of TDFs on bond returns. Column
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2 adds in the control variables and suggests that a bond held more by TDFs tend to have higher
returns following high excess return of equity, but column 3 shows that the estimated effect goes
away when we control for the reversal in bond returns during the short- and medium-term. A
possible explanation is that retail /institutional flows to bond funds drive reversals in bond returns,
and our estimated coefficient on (RF — RB) x TDF picks that up. Given that the coefficient on
medium-term lagged return is strong, we control for longer lagged returns in columns 4-6 (m — 12
to m — 2). Column 5 adds in the interaction between R — R? and bond characteristics, and column
6 adds in rating-by-time fixed effects. While the estimated coefficients of interest are in the expected
direction, we fail to reject the hypothesis that TDFs have no effect on corporate bond returns,
perhaps because of the use of derivatives and active liquidity management by funds to eliminate

cross-bond price differentials.
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Table E.1: TDF ownership and corporate bond return sensitivity to differential asset class re-
turns

This table examines the relationship between TDF ownership and monthly corporate bond return sensitivity to differential
asset class performance during 2010-2018. The sample includes corporate bonds in the WRDS Bond Database with
beginning-of-month ratings in the top three (numerical ratings 1-3, equivalent to S&P ratings AAA, AA+, or AA). The
dependent variable Returny, is the monthly raw bond return measured at end of month, winsorized at 1% and 99%.
TDF;_1(%) is the percentage of the amount outstanding of a bond indirectly held by TDFs measured at the end of the
previous quarter. Control variables include log of lagged values of Amount outstanding, Monthly volume /amount out, and
lagged values of Frac. held by mutual funds, Roll illiquidity and ZTD. Return,,_1, Returit,,_g o m—2, Returi,, 15 4,2 are
raw returns in month m — 1, cumulative raw returns in months m — 6 to m — 2, and cumulative raw returns in months
m — 12 to m — 2, respectively. Time-by-TTM FE stands for Years to maturity-by-time fixed effects. Standard errors in this
table are clustered two ways by time and bond.

1) 2 ) 4) ) (6)
Returny,
(RE —RB), x TDF;1(%) 0.001  0.017*** 0.013 0.012 0.002 -0.001
(0.010)  (0.006) (0.008) (0.009) (0.009) (0.008)
(RE—RPB),,_1 x TDF;_1(%)  0.000 0.008 0.008 0.014** 0.011 0.006
(0.010)  (0.005) (0.007) (0.007) (0.008) (0.009)
TDF; 1(%) -0.000 0.000 0.000 0.000 0.000 0.000
(0.000)  (0.000) (0.000) (0.000) (0.000) (0.000)
Return, 1 -0.364***  -0.374**  -0.377***  -0.393***
(0.036) (0.032) (0.029) (0.025)
Returng,, _¢tom—2 -0.099***
(0.024)
Returny,_12 1o m—2 -0.074*  -0.074**  -0.080***
(0.016) (0.015) (0.013)
Control for characteristics no yes yes yes yes yes
Characteristics x (RF — R5) no no no no yes yes
Time-by-TTM FE yes yes yes yes yes yes
Rating FE yes yes yes yes yes n.a.
Rating-by-time FE no no no no no yes
Observations 25,727 19,456 17,090 13,991 13,991 13,991
R-squared 0.624 0.792 0.829 0.836 0.838 0.852
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