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The Heterogeneous Effects of Passive
Investing on Asset Markets

Abstract

This paper shows that passive funds systematically underweight or omit illiquid index assets.
As a result, their trading activity consumes liquidity and reduces market quality for liquid
assets, but has no effect on illiquid assets. Focusing on the unconditional average effects
and ignoring funds’ index deviations underestimates the local treatment effect by up to
58%. Overall, the effects of passive investing on underlying asset markets depend on how

intermediaries replicate their target index.
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I. Introduction

Over the last two decades the structure of U.S. equity trading has changed dramatically.
There has been a vast rise in the popularity of passive investing, in particular the use of
exchange traded funds (ETFs). In 2002 there was $102 billion of assets under management
(AUM) in U.S. ETFs; by 2020 there was $5.4 trillion[] At the same time, ETFs went
from less than 3% to over 30% of daily equity trading volume (see Figure [I)). There is an
extant literature that studies the effects of passive investing on the activity and quality of
the underlying asset markets that they track. Studies of the effects of passive investing
— both theoretical and empirical — assume that passive funds simply replicate their target
index. This paper shows that passive funds systematically deviate from their target index;
specifically, they underweight or omit illiquid index assets. As a result, passive investing has
heterogeneous effects on underlying asset markets.

In empirical studies of the effects of passive investing, it is important to take into account
that these intermediaries do not simply replicate their benchmark one-for-one. Estimates
that average across all underlying assets will understate the impact on liquid stocks and
overstate the impact on illiquid stocks. We show that based on the unconditional average
effects, the effect of passive investing is misstated by up to 58%. These facts also matter for
theoretical models of passive investing, because it means one of the common assumptions in
that literature is false. Models in which funds tilt their portfolios away from illiquid assets
produce different predictions from those in which funds simply replicate their target index.

Although straightforward in principle, replicating a target index involves tradeoffs in
its implementation. The most basic tradeoff faced by a passive fund is to simultaneously

minimize tracking error and transaction costs. This tradeoff is faced by both traditional

Thttps:/ /www.statista.com /statistics /295632 /etf-us-net-assets/



open-ended index funds, who rebalance their portfolio after inflows and outflows, and by
ETF providers, who set the creation and redemption basket for authorized participants.ﬂ
If the fund simply replicates the target index, this minimizes tracking error, but leads to
high transaction costs. On the other hand, underweighting illiquid assets lowers transaction
costs and (at least initially) leads to only a small increase in tracking error. As a result, the
optimal fund weights are a function of the assets’ liquidity: Assets that are more expensive
to trade should be underweighted or omitted.

We find clear empirical support for this prediction. In practice, ETFs have considerable
discretion in defining their creation/redemption baskets (Lettau & Madhavan, 2018) and
many ETFs’ holdings diverge from the weights of their target index ] Six of the ten largest
ETFs as of 2019 state in their prospectus that they only statistically replicate their target
index by investing in a basket of representative securities[] We find that funds’ index repli-
cation strategy is predictable based on asset liquidity. For example, a one standard deviation
wider effective spread for a stock is associated with an 8 percentage point higher probability
that the stock is omitted by the Vanguard Total Market Index ETF (VTI), the most popular

total market ETF in the U.S. market ]

2We study the effect of ETFs in the paper due to higher granularity of publicly available data, but this
prediction applies to all passive intermediaries that face such a tradeoff.

3This aspect of index replication is distinct from the observation of [Easley, Michayluk, O’Hara, and
Putnins| (2019) that many ETFs diverge from the value-weighted market portfolio, and the observation that
funds strategically tilt their holdings toward their benchmark index (Van Binsbergen, Brandt, & Koijen,
2008; [Basak & Pavloval |2013)). Funds also strategically tilt their holdings within their benchmark index.

%One example is the Vanguard Total Stock Market ETF (VTI). The fund’s prospectus states, “The Fund
invests by sampling the Index, meaning that it holds a broadly diversified collection of securities that, in
the aggregate, approximates the full Index in terms of key characteristics.” Sampling, or “optimized,” index
replication is most popular with funds that track relatively illiquid indexes, but is also used by ETFs that
track more liquid indexes. For example, the iShares Core S&P 500 ETF (IVV), states in its prospectus that
BlackRock “uses a representative index sampling strategy to manage the Fund.” Full replication might be
optimal for funds that track their index closely intraday.

5This finding holds when we include controls for other characteristics including the stock’s index weight,
volatility, and correlation with the index.




Next, we examine the effects of ETF trading activity on underlying asset markets. Our
central prediction is that trading activity due to index arbitrage activity (the creation and
redemption of ETF shares in exchange for the posted basket of index assets) is channeled
into liquid index assets and not in to illiquid index assets. As a result, the effects of ETF
trading on underlying asset markets differ according to those assets’ ex ante liquidity. We
test these predictions and find clear support for them in the stock-level daily data.

Because index arbitrage activity varies with other market conditions, there is the poten-
tial for endogeneity with other market forces. To isolate the causal effects, we instrument
the daily primary flows in each individual ETF with the ETF’s lagged monthly return.
Dannhauser and Pontiff| (2019) and |Broman| (2020) document that retail investors “return
chase” based on stale lagged returns. We lag each ETF’s prior-month return by five trad-
ing days in order to rule out reverse causality from flows to returns. We show that stale
lagged ETF returns strongly predict net fund flows in and out of each ETF. Instrumented
ETF flows are correlated with lagged stock returns, but not with contemporaneous or subse-
quent returns, suggesting there is no asset-relevant information that drives them. Consistent
with naive investors’ return-chasing, lagged prior-month returns predict each ETF’s retail
order flow identified using the method of Boehmer, Jones, Zhang, and Zhang| (2020)) and its
popularity on Robinhood, a retail trading app.

As the magnitude of (instrumented) ETF primary flows increases, liquid stocks show
altered patterns of activity during the trading day, as well as lower liquidity, lower price
efficiency, higher volatility, and higher correlation with the market, consistent with prior
studies. For illiquid stocks, we find that all these effects are absent.

Thus, our results provide an important distinction as to how passive investing impacts

asset markets. Ignoring this distinction means that the unconditional estimates, which



average across all sample stocks, understate the true treatment effects. For example, our IV
estimates show that one standard deviation increase in ETF primary flow causes volatility
of stocks in most liquid tercile to increase by 2.23% while have no effect on the other two
terciles of stocks. Using the same instrumental variable but estimating the treatment effect
unconditionally will yield a treatment effect of 1.37%. Averaging across all stocks results in
estimates that are up to 58% smaller in magnitude than the local treatment effects, which
are confined to the most liquid stocks.

These results are robust to various high-dimensional fixed effects structures. We also
examine specific alternative explanations. We first examine market fragmentation and al-
gorithmic trading. Regulation National Market System (Reg NMS) was established in 2005
and had significant effects on quoted spreads, market fragmentation, and market quality
that differ by stock market capitalization (Haslag & Ringgenberg), |2016). Algorithmic and
high frequency trading have risen significantly in some segments of the stock market (Weller,
2017)). We control for these effects directly, and find that stock-by-day measures of market
fragmentation and algorithmic trading activity do not explain the differential effects of ETF
activity on asset markets. Second, we control for the arrival of market-moving news in
two ways by directly controlling for daily market returns and by restricting the sample to
“no-news” days on which the market return is less than +1%. The results are unchanged,
inconsistent with the arrival of market-wide news explaining our results.

This paper relates to two main strands of the literature. First, a growing empirical
literature investigates the growth of passive investing and its average effects on individual
stocks. |Greenwood| (2007) finds that a higher index weight leads a stock to co-move more
with the index and less with stocks that are not in the index. |Glosten, Nallareddy, and Zou

(2021)) find a positive relation between ETF ownership and stock information efficiency. Da,



and Shive (2018) attribute increased co-movement to ETF arbitrage activity. Ben-David,
Franzoni, and Moussawi (2018) find that increased ETF ownership leads to higher stock
volatility, due to arbitrage trading between ETFs’ market price and net asset value (NAV).
[sraeli, Lee, and Sridharan (2017) find that increased ETF ownership leads to lower price
efficiency, higher return synchronicity, and lower analyst coverage of the securities in the
underlying basket. Evans, Moussawi, Pagano, and Sedunov| (2019)) find that increased ETF
ownership widens the intraday bid-ask spreads of the underlying stocks. [Saglam, Tuzun,
and Wermers| (2019) find that increased ETF ownership makes underlying index stocks more
liquid. |Agarwal, Hanouna, Moussawi, and Stahel| (2018) find that increased ETF ownership
increases the commonality in liquidity of the underlying stocks.

We make three contributions to this literature. First, we add to this literature by focusing
on the implications of passive funds’ index tracking strategy. We show that ETF's sample a
subset of liquid index assets, and underweight or omit less liquid index assets, and that this
strategy causes them to have heterogeneous treatment effects on index assets. We examine
the creation/redemption mechanism as a channel through which ETF's affect the liquidity of
the underlying assets in the index. Our results demonstrate that the institutional details of
how these funds replicate their target index has first-order implications for their effects on
underlying asset markets.

Second, we draw a clear distinction between the effects of passive fund ownership and the
effects of passive fund-driven trading activity. Higher levels of passive-fund ownership that
are observed and known to market participants ex ante plausibly lead to better information
efficiency and liquidity, as the prior literature has shown (Glosten et al., 2021} Saglam et al.|
2019). At the same time, we show that a higher level of ETF trading activity on a given day

consumes liquidity and worsens information efficiency. Third, we develop an instrumental



variable, the prior-month fund return, that predicts plausibly exogenous variation in trading
activity in ETFs. ETF primary flow is highly correlated with market-wide information arrival
and trading activity, and therefore is endogenous with overall market quality. Indeed, we
find that the analogous OLS estimates detect large spurious effects, suggesting it is necessary
to isolate exogenous variation in ETF primary flow.

This paper also relates to theoretical work on the impact of ETFs on underlying asset
markets. Theoretical studies of passive investing have commonly assumed that passive inter-
mediaries simply replicate the weights of their benchmark index. (Carpenter| (2000), Basak,
Pavlova, and Shapiro (2007), and Basak and Pavloval (2013) show that funds tilt their port-
folio toward stocks that belong to their benchmark. Malamud| (2016) constructs a general
equilibrium model in which ETF creation/redemption serves as a shock propagation mecha-
nism; |[Pan and Zeng| (2019)) construct a model in which a liquid ETF tracks a single illiquid
asset, and they analyze the effects of authorized participants’ market making activity on the
asset’s liquidity. These models all implicitly assume that the fund replicates its benchmark
pro rata. By contrast, we show that passive funds replicate their index strategically. Models
of passive investing can be made richer and more realistic by taking into account their index

replication strategy.

II. Data

Data for both stocks and ETFs are from the CRSP daily file. The stock-level data covers all
U.S. listed common stocks in CRSP, daily from January 2015 through December 2019. Our
sample begins in January 2015 because we use the millisecond TAQ data to compute high-

frequency measures of market quality. We exclude any stocks with a prior-month closing



market capitalization of less than $300 million (“micro-caps”) and exclude any stocks with a
prior-month closing price per share less than $5, following |Asparouhova, Bessembinder, and
Kalcheval (2013). We end up with 3309 stocks in the sample.

Table [1] Panel A reports the summary statistics from the sample. The sample stocks’
market capitalization has a mean of $10.9 billion and a median of $2.0 billion. The definition

of all variables can be found in Appendix [A]
Insert Table [l About Here

The ETF data covers all U.S. equity ETFs from January 2015 to December 2019 in the
CRSP mutual funds database with a prior-month closing assets under management (AUM)
of at least $100 million. Table [1| Panel B shows summary statistics for the ETFs in the
sample, which covers 102 unique ETFs and covers over 90% of AUM and primary flow for
U.S. equity ETFs over this time period. Figure [I| Panel A shows how the aggregate trading

volume of U.S. ETFs has evolved over time.
Insert Figure [Tl About Here

We obtain each ETF’s daily shares outstanding from Bloombergﬁ Each ETF j’s primary
flow on day t is calculated as the change in shares outstanding on day ¢ compared to day

t — 1 times the closing price on day ¢t — 1:

Primary Flow,, = (Shares Outstanding,, — Shares Outstanding;, ;) x Price;, .

We compute the daily fund-level primary flow as defined above for all ETF's in the sample.

8Ben-David et al.| (2018) point out that compared to CRSP, Bloomberg’s data on daily ETF shares
outstanding is more accurate.



Figure [I| Panel B shows how the aggregate primary flow (creation and redemption) activity
of U.S. ETFs has evolved over time.

We focus on ETF primary flow rather than ETF holdings or total trading activity, because
only ETF primary flow is associated with trading activity in the underlying index assets (See
Section [[TI[B).

We exclude ETF-days when the ETF provider performed a “heartbeat trade,” a swap
of ETF shares and a bespoke set of one or more securities, intended to defer capital gains
tax (Moussawi, Shen, & Velthuis, 2020)). We filter out heartbeat trades because they do
not originate from authorized participants’ market making activities in the ETF, and they
introduce considerable noise in the ETF flow data. We define a heartbeat trade as a paired
inflow and outflow that satisfy: (i) both are greater than 1% of the fund’s assets under
management, (ii) the inflow is the largest primary flow during the surrounding two months,
and (iii) the outflow occurs less than five trading days following the inflow. Our results are

qualitatively similar but noisier if we do not filter out heartbeat trades.

III. ETF mechanics and trading activity

A. Basket Choice

An exchange-traded fund (ETF) is an investment intermediary that tracks a basket of un-
derlying securities. ETF shares are listed on an exchange and traded throughout the day.
ETF shares track the underlying basket because of the arbitrage activity of authorized par-
ticipants (APs), which are large market making firms. APs have access to the creation and
redemption mechanism which allows them to exchange ETF shares for the basket of under-

lying securities with the ETF provider at the end of each trading day. If the ETF’s shares



trade sufficiently above the basket’s net asset value, which the ETF provider publishes in
real timeﬂ an AP sells ETF shares and buys the underlying basket of securities, and vice
versa. Authorized participants thus provide a liquid two-sided market for the ETF’s shares,
which facilitates secondary trading activity (Lettau & Madhavan, [2018; Evans et al., 2019)).

The creation and redemption baskets are set daily by the ETF provider. The ETF
provider has carte blanche to define the baskets, and even “heartbeat” transactions for
a single index asset are common (Moussawi et al., 2020). In setting the baskets, the basic
tradeoff that the ETF provider faces is to minimize expected transaction costs, which reduces
the bid/ask spread that APs are willing to offer and promotes trading, and to simultaneously
minimize expected tracking error against the ETF’s target index.

In the Internet Appendix we present a formal model of the ETF provider’s problem. The
main prediction is that index assets that are relatively illiquid are strategically underweighted
in the basket. Interestingly, the model predicts that on average all index assets will be
strategically underweighted. In general, underweighting an asset adds tracking error but
reduces transaction costs; overweighting an asset adds to tracking error and transaction
costs.

Figure [2] displays the weights of stocks in the basket for VTI, the Vanguard Total U.S.
Stock Market ETF, relative to their weight in the fund’s target index, the CRSP value-
weighted U.S. stock market index. Both sets of weights are as of January 3, 2015, the first
date in our sample. Stocks are sorted into terciles based on their liquidity measured by their
prior-month effective spread. An asset’s basket weight is set to zero if it is omitted from the
ETF basket. In all three terciles, on average, assets are underweighted relative to the target

index. Among the most liquid stocks, their index weight and basket weight are closest — the

"For more details see [https://www.sec.gov/investor /alerts /etfs.pdf|




average ratio of basket weight to index weight is 83%. In the middle and least liquid terciles
of stocks, the average ratio of basket weight to index weight is 24% and 3% respectively.
Over 98% of stocks in the least liquid tercile were omitted from the ETF basket.

These observations are consistent with our model, but they only capture a single snapshot
in time and other stock characteristics — in particular the index weight — covary with liquidity.
Table [2| shows regression estimates, quarterly from 2015-2019. These estimates include year-
quarter fixed effects and other stock characteristics including the stock’s index correlation,
volatility, and linear, quadratic or cubic controls for the stock’s index weight. For ease of
interpretation, the dependent variable is an indicator that equals 1 if a stock in the index
was included in the fund’s basket and 0 otherwise. Again, more illiquid stocks as measured
by either the prior month effective spread (Columns 1-3) or the prior month CRSP bid-ask
spread (Columns 4-6) are more likely to be omitted from the fund’s basket. Overall, the
data are consistent with our prediction: ETF providers strategically underweight or omit

illiquid index assets.

B. Primary flow and trading activity

The creation and redemption of ETF shares at the end of the day, through which assets
move in and out of the fund, is referred to as ETF primary flow. Authorized participants
internalize their own intraday order flow and then trade to close out their residual position,
generating ETF primary flow when ETF shares are created and redeemed with the ETF
provider. Thus, primary flow is the channel through which index arbitrage occurs, affecting
the markets for the underlying assets. By contrast, internalized trading, when an AP nets
its own buying and selling activity, and secondary trading activity, in which a buyer and

a seller trade ETF shares between themselves, need not have any effect on the underlying
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asset markets (Lettau & Madhavan) 2018)).

As a measure of fund flows, ETF primary flow has two main differences with the literature
on mutual fund flows (i.e. |Coval and Stafford| (2007); |Goldstein, Li, and Yang (2014));
Wardlaw (2020)). First, in that literature, the funds are open-ended mutual funds and
money flows directly between investors and the fund. By contrast, ETF primary flows are
resolved by authorized participants via the creation/redemption mechanism. Second, in the
fund-flows literature, the funds are actively managed funds, and thus they have near-total
discretion in adjusting their holdings in response to flows. By contrast, all the ETFs in our
sample are passive funds that track an index, and the basket of underlying assets that are

exchanged for ETF shares are posted prior to each trading day by the ETF provider.
Insert Figure [3] About Here

To examine the effects of ETF primary flow on underlying markets, we first graphically
compare trading days with low ETF primary flow to days with high ETF primary flow. The
prediction is that days with high ETF primary flow should see an increase in trading activity
in underlying assets, but (i) only in the most liquid assets and (ii) toward the end of the
trading day, when authorized participants close out their residual positions.

Figure [3] plots the difference in average stock turnover between high-primary-flow days
versus low-primary-flow days, during the trading day divided into 10-minute increments.
Panel A shows the most liquid tercile of sample stocks. We see that during high-primary-
flow days, the most liquid stocks experience a large relative increase in trading activity, but
only during the last 30 minutes of the trading day. Panel B shows the most illiquid tercile
of sample stocks. We see that, by contrast, on high-primary-flow days illiquid stocks do
not experience a significant increase in trading activity at the end of the day. In fact, on

high-primary-flow days, trading activity among illiquid stocks is lower overall.

11



This observation suggests the market making of authorized participants both internal-
izes primary trading in ETF shares, and delays secondary trading in the underlying assets.
Without ETFs present in the market, the secondary trading in the underlying assets would
be more continuous throughout the day. With ETFs in the market, authorized participants
internalize the trading activity in ETF shares and pool their trading in underlying assets at
the end of the trading day.

This delay and pooling of trading activity in the underlying assets has interesting im-
plications. As trading activity is siphoned out of the underlying asset market earlier in the
day, a |Glosten and Milgrom| (1985) effect is predicted — if noise trading volume is reduced,
market makers widen the bid-ask spread. In other words, during days when ez post realized
ETF trading activity is high, the delay of trading activity in the underlying market will itself
consume liquidity and worsen information efficiency for the underlying assets. Consistent
with our model, these effects are concentrated in liquid assets due to funds’ strategic basket
weighting.

In conclusion, the broad day-by-day patterns in the turnover of underlying stocks are
consistent with our prediction that daily ETF-driven trading activity (primary flow) has
specific effects on asset markets that are conditional on the assets’ liquidity. Next, we test
these predictions by identifying exogenous variation in ETF primary flow with our “return-

chasing” instrumental variable.

IV. The effects of ETF activity on asset markets

The main research question in this paper is to examine the effects of ETF trading on un-

derlying asset markets. The hypothesis is that because illiquid assets are underweighted or
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omitted relative to the index, ETF-driven trading activity is channeled into assets that are
more liquid ex ante and not into assets that are less liquid ex ante.
We measure ETF trading activity as the magnitude of daily total ETF primary flow,

that is, the daily net creation or redemption of ETF shares. This measure is defined as:

|Primary Flow,| = Z |Primary Flow; | .
J

This measure captures the magnitude of authorized participants’ trading activity as a
result of net ETF creation and redemption on day ¢t. We focus on |Primary Flow,| as the
main independent variable in all subsequent tests.

Each month from January 2015 through December 2019, we sort stocks into terciles based
on their average effective spread over the previous month. The first tercile contains the most
liquid stocks and the third tercile contains the most illiquid stocks ex ante. To examine the
relation between ETF primary flows and underlying asset markets, we examine how daily
measures of market quality for each stock ¢ varies with the magnitude of ETF primary flow

that day, separately for the stocks in each liquidity tercile.

A. Instrumenting for ETF primary flow

The challenge for identification is that there are many market forces that affect both asset
market activity and ETF primary flows. To address this concern, we introduce a novel
instrument for ETF primary flow — namely, the lagged monthly return on that ETF. Research
on fund flows has found that uninformed investors return-chase. As a result, investor dollars
flow into funds that recently had high returns and out of funds that recently had low returns,

even though lagged fund returns do not predict future returns (Dannhauser & Pontiff, 2019}
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Broman, 2020)).

Table [3| presents the results of the regression:

4

Primary Flow,, = Z BrReturn; ;. + SReturn; ;o515 + v, + Kt + €51 (1)
k=1

where j denotes ETF and ¢ denotes trading day. Return;;_, is the lagged individual
daily return of ETF ¢ for the last four trading days and Return;; 965 is the cumulative
return of ETF j over the last month from ¢ — 5 to ¢ — 26 (22 trading days)ﬁ 7; is ETF fixed

effects and k; is day fixed effects.
Insert Table Bl About Here

The key independent variable is the fund’s lagged prior-month return from trading day
t—26 to trading day t—5. We lag the prior return by five business days to avoid the possibility
of reverse causation from flows to returns. Evans et al| (2019) document that authorized
participants sometimes take several trading days to balance their accounts — in particular,
APs create “operational shorts” by creating new shares of the ETF, which they sell, then
waiting one or more business days to deliver the basket of underlying assets. Because the
lagged prior-month fund return is determined five trading days prior to the instrumented
ETF primary flow, any relationship we find is unlikely to be driven by omitted variables or

reverse causation.ﬂ

8The results are robust to the choice of lag from t-1 to t-10.

9Some ETFs use T+1 accounting while others use T+0 accounting to report their shares outstanding
(Staer, 2017)). The lagged IV also helps solve this issue, because the instrument strongly predicts the primary
flows on subsequent days regardless of whether they are four or five trading days later. We thank Markus
Broman for this point.

14



Table [3| Column 1 shows that a higher lagged prior-month return predicts a higher ETF
primary flow five trading days (approximately one calendar week) later. This is consistent
with investor return-chasing. To verify that the predictability in ETF primary flows is driven
by uninformed retail trading, first, we identify the daily net flow of retail trades for each
ETF using the methodology in [Boehmer et al| (2020) Y] Column 2 shows the results: We
see that indeed, the net flow of identified retail trades is strongly positively predicted by the
lagged prior-month return. Second, we identify the daily ETF holdings of a subset of retail
investors using Robintrack, a website that tracks the daily holdings of users of Robinhood,
a smartphone trading app popular among young retail investors. Table [3| Column 3 shows
that an ETF’s lagged prior-month return even more strongly predicts its popularity with
Robinhood investors. In sum, the results are consistent with our proposed mechanism of
return-chasing by uninformed retail investorsﬂ

We use the predicted values of ETF primary flows, based on our first-stage estimates
above, to examine the causal effects of ETF primary flows on underlying asset markets.
Specifically, we multiply the coefficient on Return;;_o6_+—5 from Table |3] Column 1 by each
ETF’s lagged prior-month return on each day, to produce daily predicted primary flows
for each ETF.E By construction, these predicted primary flows only reflect fund-by-day
variation in lagged prior-month returns, and no other information from the subsequent five

business days:

Tn the TAQ trade file, transactions reported to a FINRA TRF (exchange code “D” in TAQ) with
fractional sub-penny improvement are identified as signed retail flows.

1 The relationship between lagged prior-month returns and fund flows is also pervasive across individual
ETFs. When we regress daily ETF primary flows on lagged returns as in Table [3] Column 1 separately for
each ETF in the sample, the coefficient on the lagged prior-month return is positive for 74 out of 102 funds
and positive and significant with p < 0.05 for 45 out of 102 funds.

12The first-stage F-statistic is 13.6 (p <0.01).
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. —_—
Primary Flow;, = Brirststage X Return;; o6 s

We then sum the predicted ETF flow magnitudes by day to obtain the total daily instru-

mented ETF primary flow E}

|Prim§y\Flowt| = Z |Prima/ry\Flowj’t|

Figure 4| plots the daily value of Primgry\Flow over the sample. The important feature
of Primgy\F low is that it only reflects fund flows stemming from each ETF’s lagged prior-
month return. Such flows are plausibly due to return-chasing by uninformed retail investors,
and are unlikely to be correlated with any information or predictive power about the ETF
itself. Moreover, because it was realized five trading days prior, the instrument cannot be
influenced by the dependent variable. Thus, Primﬁy\Flow plausibly satisfies the exclusion
restriction of being directly related to ETF primary flows but not otherwise related to trading

activity or market quality in individual stocks.

Insert Figure [d] About Here

B. Effects on Trading Activity

We first examine the relationship between ETF primary flows and trading activity in indi-
vidual stocks. Recall that the aggregate data suggest that authorized participants absorb

intraday flows and trade in the underlying asset markets near the end of the trading day.

130ne may be concerned by fact that the instrumental variable in the second stage is a generated variable,
of which the first stage only estimates individual components. To address this concern, we calculate and
report the block-bootstrapped standard errors by ETF, stock, and day, for all the results using instrumental
variable.

16



As a result, when ETF trading activity is high, end-of-day trading activity in liquid stocks
increases differentially compared to their mid-day trading activity. We calculate the share
turnover for each individual stock within each day divided into 10 minute time-of-day blocks.
We define the end-of-day turnover, TurnoverClose, as share turnover in the last ten minutes
(15:50 to 16:00). The mid-day turnover, TurnoverMid, is defined as the average ten-minute
turnover from 9:40 to 15:50. We define Close — Mid as the difference between the two.

To formally test whether ETF primary flows drive a differential change in trading activity
during the trading day, we examine the effects on C'lose — Mid. We interact the primary flow
magnitude with a stock’s preexisting liquidity. Lz’quid;{t are a set of three dummy variables
that equal 1 if stock ¢ is in liquidity tercile ¢ for the last month as of day t. We add stock-level

lagged controls, and fixed effects by stock and date:

5
Yii = Z B x |Prim§y\Flowt| x Liquid{ , + Liquidf , + x X m—1+ Y1+ + ke +eip 5 (2)
g=1

X m—1 includes lagged stock-level controls — turnover, market capitalization, price per
share, and effective spread measured as of the end of last month. Stock fixed effects, v;, sweep
out any non time varying stock-specific factors that affect liquidity, observed or unobserved.
The monthly fixed effects k,, sweep out all observed or unobserved factors in each month,
that affect trading activity across all stocks. Note that while we present coefficients on lagged
ETF returns in Table |1, we do not use those variables in predicting Primﬁy\Flowt, so they

are not included in the second stage ({2|) either.
Insert Table dl About Here

Table [4] displays estimates of the causal effects of daily ETF primary flow from equation

17



(1)) on trading activity. The results show clear differential effects of ETF primary flow on
stock-level share turnover. Table 4] Column 1 shows that a one standard deviation larger
ETF primary flow is associated with a 3.8% higher turnover for stocks in the most liquid
tercile and a 2.4% higher turnover for stocks in the least liquid tercile. The difference in
coefficients between the most and the least liquid stocks is significant (F-stat = 8.4; p-value
< 0.01)[9

The picture is similar after we add stock-level controls for lagged market activity and
quality (Column 2). When we add monthly fixed effects (Column 3), which sweep out overall
fluctuations in trading activity, the level effects disappear in each tercile. However, the
differential effect between terciles: Larger instrumented ETF primary flows are accompanied
by higher trading activity in liquid stocks relative to illiquid stocks (F-stat = 4.0; pj0.05).

The picture is clearer when we examine changes in the pattern of intraday trading activity.
In Table 4] columns 4-6 the dependent variable is trading activity in each stock at the close
(in the last 10 minutes of trading) relative to the average trading activity per 10 minutes over
the rest of the day. We see that the overall pattern in levels is similar across all terciles and
specifications. However, the differential effect between the most liquid and least liquid stocks
is more than twice as large as in columns 1-3. Even in our most exhaustive specification
(Column 6) we see a significant effect in levels for the most liquid stocks — there is a 1.54%
shift of trading activity out of the midday trading and into the close — and the differential

effect between liquid and illiquid stocks is highly significant (2.22% ; F-stat = 19.0 ; p;j0.01).

14To adjust for the fact that the predicted ETF primary flow is a generated regressor, we bootstrap the
estimates in Table [d] Columns 3-4 as follows. We repeatedly resample both the ETF-level and stock-level
datasets, with replacement, blocked (i.e. clustered) by ETF and stock respectively and also by trading day,
and rerun the first and second stage estimates on the resampled data. These results account both for the
variance in the first stage estimate and for arbitrary serial correlation within each ETF, stock, and trading
day. The mean and median bootstrap coefficients are effectively identical to the unadjusted coefficients. The
bootstrap standard errors, displayed in brackets, are similar to the analytical standard errors in all cases.
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These results are consistent with the broad patterns in share turnover documented in
Figure 3] In effect, ETF primary flow channels trading activity out of the underlying asset
markets during the day, and then back into those markets near the close — but only in liquid
stocks. By contrast, there are no such effects in illiquid stocks.

In sum, we find that ETF primary flows have differential effects on share turnover in
individual stocks. In particular, the differential effects are seen only in liquid stocks, toward

the end of the trading day.

C. Effects on asset market quality

Next, we investigate the effects of ETF activity on the functioning of underlying asset mar-
kets. To our knowledge, it is an open question whether ETF index arbitrage is liquidity-
improving or liquidity-consuming. On one hand, trading by authorized participants is un-
correlated with information about any particular index asset, and noise trading volume is
liquidity-improving (Kyle, |1985). On the other hand, the data show that ETF-driven trades
appear mostly at the end of the trading day, pooling with other rebalancing activity. Thus,
orders driven by ETF index arbitrage might be liquidity-consuming on average (consistent
with Dannhauser| (2017)) and Eaton, Green, Roseman, and Wu/ (2021)).

Table |5 shows estimates of the effects of ETF primary flows on measures of asset market
quality. In each case the independent variable is the instrumented magnitude of ETF primary
ﬂowsE] In Column 1 the outcome variable is each stock’s liquidity as measured by its intraday
effective spread. We see that larger instrumented ETF primary flows lead to wider effective
spreads — lower liquidity — in the most liquid tercile of stocks. Yet, there is no significant

change in liquidity in the two less liquid terciles. These results suggest that the trading

15The corresponding OLS results using realized daily ETF primary flow are presented in the Internet
Appendix.
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activity of authorized participants consumes liquidity in the underlying assets, consistent
with [Dannhauser| (2017), but only in the liquid assets that the ETFs’ baskets are tilted

toward.
Insert Table Bl About Here

Table [5] Columns 2-4 examine other aspects of market quality that have been shown in
the prior literature to be affected by ETF activity. In Column 2 the outcome variable is
the short-run price inefficiency (volatility of pricing error, Pricing Error, ;) as in [Hasbrouck
(1993). We find that larger ETF primary flows lead to worse price efficiency — but only
for stocks in the most liquid tercile. A one standard deviation increase in the magnitude
of ETF primary flows leads to a 1.5% increase in the short-run pricing error, comparable
to the estimates in (Israeli et al. 2017). Yet in the two least liquid terciles, the effect is
statistically and economically insignificant (in the least liquid tercile the effect is actually
slightly negative).

In Table 5| Column 3 the outcome variable is the intraday return volatility of the stock.
Consistent with Ben-David et al.| (2018), who find a positive effect of ETF ownership on stock
volatility on average, we find that larger instrumented ETF primary flows are accompanied
by higher return volatility in the two most liquid terciles. A one standard deviation increase
in the magnitude of ETF primary flows leads to a 2.2% increase in liquid stocks’ volatility.
Yet in the least liquid tercile of stocks, the effect is statistically and economically insignificant.

In Table [5| Column 4 the outcome variable is the intraday correlation between the returns
of the individual stock and the SPDR S&P 500 ETF (SPY). Consistent with |Greenwood
(2007) and Da and Shive (2018)), who find a positive effect of ETF ownership on index

correlation, we find that larger instrumented ETF primary flows are accompanied by a
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higher correlation with the market — but only in the most liquid tercile of stocks. In the
least liquid tercile of stocks, the effect is slightly negative and statistically insignificant.

Our estimates of the effects of ETF activity on underlying assets’ liquidity, pricing error,
volatility and return correlation are all of the same signs and similar magnitudes as those
reported in prior studies (Dannhauser, 2017; [Israeli et al.; 2017; Ben-David et al., 2018}
Da & Shive, 2018) — for the subset of liquid stocks. Our research design and sample are
entirely different from those papers, so these results represent out-of-sample confirmation
of their findings. However, we find that all these effects are absent in the subset of illiquid
stocks. These results support our model’s predictions, and suggest that the treatment effects
of ETFs on asset markets that prior research has documented are confined to a subset of
liquid underlying assets.

Crucially, this means that unconditional estimates of the average treatment effect, which
are equally-weighted across all sample stocks, will tend to understate the true effects. The
bottom row of Table [5[ reports the unconditional treatment effects (that is, without condi-
tioning on asset liquidity). We see that all of them are significantly smaller in magnitude
than the treatment effect on the most liquid tercile; the understatement varies from -39%

for volatility to -58% for effective spread.

D. Effects on stock returns

Since ETF primary flows have significant impacts on trading activity and market quality, a
natural question is whether they have significant effects on index assets’ returns. To examine
this, we repeat our research design as above with daily stock returns as the dependent
variable. Recall our results for asset turnover. If ETF primary flows have significant price

impact, we would expect to see a differential treatment effect, confined to the most liquid
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tercile of stocks, on stock returns on the same (contemporaneous) day. If our instrumented
ETF primary flows contain information about future fund flows or about asset value, we
would expect to see a differential treatment effect on stock returns on future days.

Table [6] presents the results. Predicted ETF flows, based on the lagged ETF returns, are
positively associated with lagged stock returns over the two previous trading days. This is to
be expected as the ETF flow predicted by past returns mechanically contains information of
past returns of index assets. However, there is no significant relation with contemporaneous
returns (price impact) or with returns on future trading days (information content). The
magnitudes in each case are small, 5 to 6 basis points per one standard deviation change in
ETF primary flow, and the estimates are well powered to detect similarly-sized treatment
effects if they were present. That is, there is no evidence of significant price impact or
information content — in any of the three liquidity terciles.

More importantly, given the differential effects of instrumented ETF primary flows on
trading activity and market quality, we find there is no significant differential effects for re-
turns across the liquidity terciles. Thus, we conclude that our results are consistent with zero,
or very little, price impact or information content of trading activity due to ETF primary
flows. The finding of little or no price impact is consistent with our motivating assumption
that ETF providers and authorized participants take care to minimize their trading costs and
tracking error. The finding of little or no information content is consistent with the finding

that trading in individual stocks due to passive intermediaries is uninformative (Dannhauser

& Pontiff] 2019).
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V. Alternative explanations

One concern with our estimates is that market dynamics change over time, and could covary
with both ETF primary flow and stock turnover and liquidity. For example, the arrival
of market-relevant information could drive increased ETF trading activity, and also cause
market makers and participants to alter their trading activity in individual stocks. In addi-
tion, market structure evolves through time and time-varying factors such as high frequency
trading activity and market fragmentation are well known to impact market quality. We
examine these potential confounds in the following ways.

First, it could be that the increase in high frequency trading activity and the increasing
fragmentation of equity markets differentially affects stocks based on their liquidity. To ex-
amine this possibility, we include two control variables that measure high frequency trading
activity and market fragmentation for each stock by month, using SEC MIDAS data. For
high frequency trading activity, we construct the trade-to-order ratio following the same pro-
cedure in Weller| (2017)). For market fragmentation, we construct an Herfindahl-Hirschman

Index (HHI) of trading volumes across market venues:

2
Trading volume; ;
HHI;, = —
! ; <23 Trading Volumei7j7t>

where ¢ denotes stock, j denotes market venue, and ¢ denotes month.
Insert Table [ About Here

Table [7| shows the results. The differential relationships driven by ETF primary flows
between the most and least liquid stock have qualitatively the same pattern compared to

Table 5] Notably, the economic magnitude of the point estimates for the most liquid stocks
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remains essentially the same, suggesting that the instrumented primary flow captures the
variation that is orthogonal to the market regime shift such as the rise of high-frequency
trading and the market fragmentation. Thus, changes in high frequency trading activity or
market fragmentation do not drive the differential effects of ETF primary flow on market
quality.

Second, it could be that when there is market-moving news (or the risk of market-moving
news arriving), market makers and participants change their trading behavior differentially
in liquid versus illiquid assets. To examine this possibility, we add the magnitude (absolute
value) of the CRSP value-weighted U.S. market index as an additional explanatory variable,
interacted with each stock’s lagged liquidity tercile. Furthermore, we restrict the sample to
days in which the CRSP value-weighted U.S. market index return is within [-1%,1%]. With

this specification, we examine the influence (if any) of market-moving news.
Insert Table [ About Here

Table [§| shows the results. The differential relationships driven by ETF primary flows
between the most and least liquid stock have qualitatively the same pattern compared to
Table[5] The magnitude of the market return does have some differential effects on the trad-
ing pattern, the price efficiency, and the volatility of stocks. However, the differential effects
driven by ETF primary flow remain statistically significant and economically meaningful.
We therefore conclude that market-moving news does not explain the differential effects of

ETF primary flow on market quality.
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V1. Conclusion

An exchange traded fund (ETF)’s objective is to closely track a target index at low cost. In
this paper we examine the direct consequences of ETFs’ index replication strategy on the
markets for the underlying index assets.

We characterize the fundamental trade-off for passive funds between tracking error and
transaction costs. A simple model predicts that for assets that are illiquid and expensive to
trade, ETF providers are better off underweighting or omitting these stocks. As a result, the
effects of ETF trading activity on underlying asset markets is heterogeneous and determined
by the asset’s liquidity and the fund’s index replication strategy. This is an important point
for the theoretical literature on the effects of the rise of passive investing.

We introduce a novel instrument for ETF primary flow — the lagged prior-month return
of the ETF. Using instrumental variables estimates, we find empirical evidence consistent
with the model’s predictions as well as with the existing literature. Specifically, on days
with greater (instrumented) ETF activity, in the tercile of index assets that has the highest
liquidity ex ante, end-of-day trading activity rises, liquidity and price efficiency fall, and
volatility and correlation with the market rise. Conversely, in the tercile of index assets
that has the lowest liquidity ex ante, these effects are absent. These results are robust to
controlling for other market factors and to dropping days with major market movements.

Our results do not only add additional nuance to prior results in the literature. They
also show that unconditional estimates of the treatment effect, which average across all
assets, misstate the true effects of ETF trading, and passive investing more generally. The
unconditional estimates understate the true treatment effects on liquid assets, by up to 58%
in our sample, and overstate the true treatment effects on illiquid assets, which our findings

suggest are essentially unaffected.
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The contribution of this paper is two-fold. First, we point out an aspect of ETFs’ indus-
trial organization that has been largely ignored to date — index assets being systematically
underweighted or omitted from the ETF basket. Second, we show that ignoring this aspect
of ETF trading activity mistakenly classifies omitted assets as “treated” (as will happen
using either index weights or index assignments to proxy for ETF ownership), and results
in biased estimates of the effects of passive investing on asset markets. Thus, our results

should inform future empirical research on passive investing as well.
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Figure 1. ETF trading volume and primary flows

(a) ETF trading volume
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Panel A plots ETF trading volume as a fraction of all U.S. equity trading volume and panel
B plots total positive and negative primary flows (total dollar create and redeem activity,
respectively) in U.S. equity exchange traded funds (ETFs), quarterly from 2000 to 2019.
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Figure 2. ETF basket weights vs index weights
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The figure bars display the average ratio of the weight of each stock in the cre-
ation/redemption basket of the Vanguard Total U.S. Stock Market ETF (VTI) to their
weight in the fund’s target index (the CRSP value-weighted U.S. stock market index) as of
January 3 2015. The stocks are divided into terciles by their liquidity, measured as the prior
month’s mean effective spread. The figure markers plot the fraction of index stocks in each
tercile that were omitted entirely from the ETF’s basket.
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Figure 3. ETF primary flow and asset turnover during the trading day
(a) Most liquid stocks
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The figure plots the difference in share turnover for U.S. equities between days with large ETF
primary flow and days with small ETF primary flow. Large (small) primary flow days are defined
as days with the magnitude of primary flow in the top (bottom) decile. Each bar corresponds to a
10-minute interval during daily trading hours. Panel A shows the difference in turnover (large flow
days - small flow days) for ex ante liquid stocks in the tercile with lowest effective spread as of last
month; Panel B shows the difference for ex ante illiquid stocks in the tercile with highest effective

spread tercile as of last month. The sample consists of U.S. common stocks measured daily from
2015-2019.
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Figure 4. Instrumented ETF primary flows
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The figure plots aggregate ETF primary flows predicted using each individual ETF’s lagged
return from ¢-26 to ¢-5. The sample consists of U.S. equity ETFs from 2015-2019.
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Table 1
Summary statistics

Panel A presents summary statistics of the sample stocks, which consists of all U.S. common
stocks with a lagged market capitalization of at least $300 million from January 2015 through
December 2019. The sample contains 3,404 unique stocks. Panel B displays summary
statistics of ETF's in the sample, which consists of U.S. equity ETFs in the CRSP mutual
fund database with at least $100 million of assets under management from January 2015
through December 2019. The sample contains 102 unique ETFs. Variable definitions can be
found in Appendix [A]

Panel A: U.S. Common Stocks

Mean StDev P10 Median P90 N
Market Capitalization ($ Millions) 10,866 38,741 462 2,046 21,009 2,686,887
Trade Turnover (bps) 0.10 0.16 0.02  0.07 0.19 2,686,887
Effective spread (bps) 17 116 3 10 34 2,686,887
log(Pricing Error) -726 163 -880 -7.54  -5.81 2,686,887
Intraday Volatility (bps) 13.90  9.42 567 11.59 2441 2,686,887
Intraday Correlation with SPY 0.19 0.17  0.00 0.16 0.42 2,686,887

Panel B: Exchange Traded Funds

Mean StDev P10 Median P90 N
Assets under Management ($ Millions) 14,533 27,544 2080 6,587 30,322 123,252
Expense Ratio (bps) 19 14 5 15 39 123,252
Turnover Ratio 0.19 0.18 0.04 0.14 0.43 123,252

35



Table 2
Stock characteristics and inclusion of ETF basket

The table presents regressions of the creation/redemption basket weights for the Vanguard Total
Market Index ETF (VTI) on characteristics of index stocks. The sample consists of all stocks
included in the CRSP value-weighted equity index, quarterly from 2015 to 2019. 1;,cuded,it is an
indicator variable that equals 1 if stock i was in VTI’s creation/redemption basket at the end of
quarter ¢ and 0 if not. Correlation;; is the correlation of the stock’s daily returns with the index,
Volatility;; is the stock’s average daily return volatility, log(Effective Spread, ;) is the log average
effective spread of the stock, and log(Bid-Ask Spread, ;) is the log average percent bid-ask spread
of the stock, all over the quarter t. Index Weight Ctrl refers to the degree of the polynomial control
for each stock’s index weight. Variable definitions can be found in Appendix [A] All independent
variables have been transformed to have mean = 0 and standard deviation = 1. Standard errors

are clustered by stock. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level,
respectively.

(1) 2) (3) (4) (5) (6)

]]-includcd,it ]]-included,it ]]-includcd,it ]]-included,it I]-incluclcd,it ]]-included,it

Correlation; ; (monthly)  0.16™** 0.15%** 0.13%** 0.17%** 0.16%*** 0.14%**

(24.3) (23.3) (22.1) (29.4) (27.9) (26.2)
Volatility,, (monthly) — -0.05%%%  -0.04%%%  _0,04%%%  _0.06%*%  0.05%%*F  -0.04%**

(-127)  (-11.8)  (-10.8)  (-15.0)  (-14.0)  (-13.0)
log(Effective Spread, ;) ~ -0.08%**  -0.07***  -0.07***

(-7.0) (-7.0) (-7.0)
log(Bid-Ask Spread, ;) -0.05%FK  0.05%*F  -0.04%**
(-5.5) (-5.5) (-5.5)
Index Weight Ctrl Linear  Quadratic Cubic Linear  Quadratic Cubic
Year-Quarter FE Yes Yes Yes Yes Yes Yes
Observations 69,627 69,627 69,627 69,627 69,627 69,627
Adj. R-squared 0.299 0.335 0.381 0.288 0.325 0.373
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Table 3
ETF primary flows and lagged ETF returns

The table presents regressions of daily ETF flows on the funds’ lagged returns:

4
Yje =0 Z Return; i, + BimReturn; o615 + 7 + £m + €5,
k=0
where j denotes ETF and ¢ denotes day. Primary Flow; ; is the daily creation/redemption of ETF j on day
t. Retail Flow;, is daily retail order flow following [Boehmer, Jones, Zhang, and Zhang| (2021). Flows are
scaled by the ETF’s lagged assets under management. Robinhood; ; is the daily number of Robinhood users
who held stock j. The independent variables are the daily returns for days ¢ to ¢ — 4 and the prior month’s
lagged return from ¢ — 5 to ¢ — 26 (22 trading days). All variables are standardized to a mean of zero and
standard deviation of one. Definitions can be found in Appendix @ v, is a ETF fixed effect and &y, is a
month fixed effect. The sample consists of U.S. equity ETFs in the CRSP Mutual Fund database with at
least $100 million AUM, daily from 2015 to 2019. Standard errors in parentheses are robust and clustered
by fund and day. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

(1) @) @)
Primary Flow;, Retail Flow;; Robinhood;,
Return;; 0.076%** 0.051%%* 0.009
(0.017) (0.010) (0.014)
Return;;—, 0.059%** 0.032%** 0.006
(0.008) (0.007) (0.028)
Return;;_» 0.046*** 0.026*** 0.060%**
(0.007) (0.006) (0.018)
Return;; 3 0.029%** 0.020%** 0.023
(0.007) (0.006) (0.016)
Return; ;4 0.023%** 0.011** 0.023*
(0.008) (0.005) (0.013)
Return;¢—o6¢—5 0.059%** 0.050%** 0.092%**
(0.016) (0.011) (0.027)
F-stat (Returnj,t,%ﬁt%) 13.48%**
Weak IV p-value 0.0004
Fund FE Yes Yes Yes
Year-Month FE Yes Yes Yes
Observations 97,354 77,739 25,652
Adj. R-squared 0.035 0.034 0.248
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Table 4
ETF primary flows and asset trading activity: Overall level and intraday
pattern

The table presents regressions of daily trading activity in individual stocks on the magnitude of aggregate
daily ETF primary flow. Liquidg,t equals one if stock i is in liquidity tercile ¢ the prior month and zero
otherwise. Tercile 1 contains the most liquid stocks and tercile 3 contains the least liquid stocks. Turnover; ;
is the trade volume of stock 7 on day t divided by its shares outstanding. Turnover(Close—Mid)i’t is the
difference between the trade volume in the last 10 minutes of the day and the average 10-minute trade
volume from 9:40 to 15:50, divided by shares outstanding. |Prim§y\Flowt| is the instrumented magnitude
of aggregate ETF primary flow using the regression reported in Table [3| Column (1), standardized to a
standard deviation of 1. Variable definitions can be found in Appendix [A] The sample is stock-by-day from

January 2015 to December 2019. Standard errors in parentheses are robust and clustered by stock and day.

Standard errors in brackets are block-bootstrapped by ETF, stock, and day. *, **, and *** denote statistical
significance at the 10%, 5%, and 1% level, respectively.
0 @) ) @) ) (©)
Turnover; ; Turnover(Close-Mid), ,
|Primary Flow,| x Liquid!, (Most Liquid) ~3.788%%%  3.104%%*  0.370 ATABRRE 4 96TFFF 1 53THF
(0.507)  (0.538)  (0.661) (0.526)  (0.566)  (0.728)
0.521]  [0.565]  [0.699] 0.540)  [0.594]  [0.763]
|Primary Flow,| x Liquid2, 3A8TFFF  2582%KF 131 2.832%%%  2.338%KE (275
(0.496)  (0.487)  (0.626) (0.503)  (0.504)  (0.679)
0.502]  [0.486]  [0.657] 0503 [0.500]  [0.724]
|Primary Flow,| x Liquid?, (Least Liquid) ~2.385%  2.053*%*  _0.569 1.950%%%  1.700%%  0.685
(0.534)  (0.512)  (0.606) (0.602)  (0.589)  (0.707)
(0.449]  [0.430]  [0.547] 0.506]  [0.506]  [0.635]
Stock-level Controls No Yes Yes No Yes Yes
Tercile Controls Yes Yes Yes Yes Yes Yes
Stock FE Yes Yes Yes Yes Yes Yes
Month FE No No Yes No No Yes
Observations 2,686,929 2,676,914 2676914 2,675,838 2,666,516 2,666,516
Adj. R-squared 0.605 0.630 0.639 0.481 0.497 0.508
pt— 33 1.403 1.052 0.939 2.786 2.558 2.222
F-stat 8.424 %% 5.054** 4.032%* 31.03***  26.45%*FF  19.02%**
Unconditional Treatment Effect 3.256*FF 2 GT1HH* -0.108 3.307*FF Q. 82THHE 0.198
(0.456)  (0.464)  (0.592) (0.491)  (0.504)  (0.664)
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Table 5
ETF primary flows and asset market quality

The table shows instrumental variables estimates of the effects of ETF primary flow on individual stocks’ mar-
ket quality. Effective Spread, ; is the share-weighted and measured as percentage of the price, Pricing Error, ,
is based on Hasbrouck (1993), Volatility, , is the intraday volatility based on 1-minute returns of stock 4,
and Correlation; ;+ is the intraday correlation between the 1-minute returns of stock ¢ and the SPDR S&P
500 ETF. The main independent variable is the instrumented magnitude of aggregate ETF primary flow,
standardized to a standard deviation of 1. Variable definitions can be found in Appendix [A] The sample is

daily from 2015 to 2019. Standard errors in parentheses are robust and clustered by stock and day. Stan-

dard errors in brackets are block-bootstrapped by ETF, stock, and day. *, ** and *** denote statistical
significance at the 10%, 5%, and 1% level, respectively.
(1) (2) (3) (4)
Effective Spread,, Pricing Error,, Volatility,, Correlation;;
|Primary Flow,| x Liquid!, (Most Liquid) 1.806%+* 1.496%%* 2.225%** 08647+
(0.448) (0.536) (0.484) (0.316)
[0.525] [0.556] [0.567] [0.344]
|Primary Flow,| x Liquid?, 0.639 0.524 1.308%%* 0.324
(0.415) (0.422) (0.412) (0.231)
[0.470] [0.435] [0.496] [0.270]
|Primary Flow,| x Liquid?, (Least Liquid) -0.171 -0.109 0.554 -0.083
(0.438) (0.436) (0.397) (0.198)
[0.479] [0.450] [0.492] [0.247]
Stock-level Controls Yes Yes Yes Yes
Tercile Controls Yes Yes Yes Yes
Stock FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Observations 2,676,869 2,676,914 2,676,803 2,676,893
Adj. R-squared 0.794 0.836 0.747 0.627
Bt —p3 1.977*** 1.605%** 1.671%** 0.947%%*
F-stat 29.14 7.840 35.12 15.69
Unconditional Treatment Effect 0.762* 0.640 1.366%** 0.370
(0.399) (0.392) (0.415) (0.233)
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Table 6
ETF primary flows and stock returns

The table shows instrumental variables estimates of the effects of ETF primary flow on individual stocks’
daily returns. Return;, is the log return to stock ¢ on day ¢, in percentage terms (i.e. 1.0 = 1%). The
main independent variable is the instrumented magnitude of aggregate ETF primary flow, standardized to a
standard deviation of 1. Variable definitions can be found in Appendix [A] The sample is daily from 2015 to
2019. Standard errors in parentheses are robust and clustered by stock and day. Standard errors in brackets
are block-bootstrapped by ETF, stock, and day. *, ** and *** denote statistical significance at the 10%,
5%, and 1% level, respectively.

(1) @) ® (@) 5)
Return; ;o Return;;; Return;; Return;;1 Return;; o
|Primary Flow,| x Liquid}, (Most Liquid) ~ 0.110%* 0.103%* 0.055 0.051 0.046
(0.047) (0.047) (0.042) (0.047) (0.047)
[0.053] [0.057] [0.045] [0.049] [0.052]
|Primary Flow,| x Liquid?, 0.114%* 0.112%* 0.059 0.049 0.046
(0.052) (0.052) (0.046) (0.052) (0.052)
[0.058] [0.059] [0.049] [0.052] [0.056]
|Primgry\Flowt| X Liquidit (Least Liquid)  0.116** 0.111%* 0.058 0.050 0.047
(0.050) (0.050) (0.045) (0.052) (0.051)
[0.054] [0.057] [0.047] [0.053] [0.055]
Stock-level Controls Yes Yes Yes Yes Yes
Tercile Controls Yes Yes Yes Yes Yes
Stock FE Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes
Observations 2,676,883 2,676,886 2,676,914 2,676,316 2,675,721
Adj. R-squared 0.017 0.015 0.013 0.014 0.013
Bt — 3 -0.00545 -0.00795 -0.00318 0.00134 -0.00072
F-stat 0.146 0.318 0.050 0.008 0.002
Unconditional Treatment Effect 0.113** 0.109** 0.057 0.050 0.046

(0.049) (0.050)  (0.044)  (0.050) (0.050)
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Appendix

A. Variable Definitions

Variable Names

Description

]]-mcluded,it

A dummy variable that equals 1 if stock 7 is included in the
creation/redemption basket of Vanguard Total Market Index
ETF (VTI) on day t and 0 otherwise.

Asset under Management, , (ETF)

Price of ETF i times shares outstanding of ETF ¢ on day t.

Bid-Ask Spread, ,

Let 7 denote stock, ¢ denote day, and s denote intraday time.
The dollar-weighted percentage bid-ask spread of stock ¢ on
day t is calculated as following:

Z (ask;ss — bidys) price;,, - Sizes

- price;, >, brice;, - sizes

Correlation,

The correlation between the minute-to-minute returns of
stock 7 and the minute-to-minute returns of S&P 500 Index
on day t.

Correlation; ; (monthly)

The correlation between daily returns of stock 7 and the daily
returns of the index that includes stock ¢ in month t.

Effective Spread,

Let 7 denote stock, ¢ denote day, and s denote intraday time.
The dollar-weighted percentage effective spread of stock i on
day t is calculated as following:

Z 2Dy - (price;,, — midpoint,,,)  price; - Sizeys

- midpoint,,, > . bricey, - sizejs
where D, is a buy-sell indicator that equals 1 if the transac-
tion is a buy and -1 if the transaction is a sell. Transactions
are signed using method in |Lee and Ready]| (1991).

Continued on next page
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Table A1 — continued from previous page

Variable Definitions

Description

Expense Ratio, ,

The amount that shareholders pay for the ETF ¢’s operating
expense divided by total investment for year t. CRSP Mutual
Fund Database item exp_ratio.

HHI; ; Let 7 denote stock, 7 denote exchange, and ¢ denote month.
Herfindahl-Hirschman Index is calculated monthly as follow-
ing:

Trading Vol ’
rading Volume, .
; >_; Trading Volume;;,
Liquidi-ft A dummy variable that equals 1 if stock 7 is included in the

kth tercile as of previous month on day t and 0 otherwise.

Market Capitalization,

Closing price of stock 4 times shares outstanding of stock 7 on
day t.

Pricing Error, ,

The volatility of pricing error estimated using method in
Hasbrouck| (1993)).

|Primary Flow; ,|

The absolute value of the change in the shares outstanding of
ETF j from day t-1 to day t times closing price of ETF 5 on
day t.

|Primary Flow,|

The sum of the magnitude of all individual ETFs’ primary
flow, Primary$Flow; ,, on day ¢, then scaled by the total mar-
ket value of the ETF's in the sample.

Return;_p

The return of ETF j on day t-k.

Return;; 2655

The cumulative return of ETF j from day t — 26 to t — 5.

Continued on next page
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Table A1 — continued from previous page

Variable Definitions

Description

Retail Flow;,

Let ¢ denote stock, ¢ denote day, and s denote intraday time.
The retail flow of ETF j on day ¢ is calculated as following:

D s - sizejs

Retail Flow;; =
»'™" Shares Outstanding;,

where Dy is a retail buy-sell indicator that equals 1 if the
transaction is a buy and -1 if the transaction is a sell. Re-
tail transactions are identified and signed using method in
Boehmer et al.| (2020)).

Robinhood Number;,

The number of Robinhood users that held ETF j on day t,
scaled by Shares Outstanding, .

Trade-to-Order;

Trade to order ratio, calculated as the trading volume of stock
1 on day t divided by the order volume of stock i on day t.

Turnover; ;

Trading volume of stock ¢ divided by shares outstanding of
stock 7 on day t.

Turnover(Close-Mid), ,

The difference of the turnover of the last 10 minutes of trad-
ing session (15:50 to 16:00 EST) and the average 10-minute
turnover of of trading session mid-day (9:40 to 15:50 EST).
Turnover is calculated as trading volume divided by shares
outstanding.

Turnover Ratio; ;

The minimum of aggregated sales or aggregated purchases
divided by the average 12-month total net asset for ETF ¢ in
year t. CRSP Mutual Fund Database item turn_ratio).

Volatility; ;

The standard deviation of the minute-to-minute returns of
stock i on day t.

Volatility, , (monthly)

Standard deviation of daily return of stock 7 in month ¢.

Volume; ;

Trading volume of stock ¢ on day ¢.
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