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a b s t r a c t 

Prior research suggests that nonfundamental exchange-traded fund (ETF) price shocks are 

transmitted to their portfolios through an arbitrage mechanism. We test this proposition 

by examining minute-by-minute returns and order imbalances but find little evidence that 

ETF trading impacts underlying returns. Specifically, panel vector autoregression shows that 

ETF returns do not lead portfolio prices. Instead, arbitrage opportunities arise from order 

imbalances and price movements in the underlying securities and are subsequently elimi- 

nated by ETF quote adjustments, rather than arbitrage trading. We extend our analysis to 

a daily frequency but still find little relation between ETF trading and constituent security 

prices. 
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1. Introduction 

There is a growing literature examining the potential

impact of exchange-traded fund (ETF) trading on the se-

curities underlying their portfolios. While several early

studies suggest that ETF trading improves price discovery
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for the underlying securities (see, e.g., Hasbrouck, 2003 ; 

Yu, 2005 ; Chen and Strother, 2008 ; Fang and Sanger, 2012 ; 

and Ivanov et al. , 2013 ), more recent literature, both em- 

pirical and theoretical, suggests that: (i) the superior liq- 

uidity of ETFs attracts noise traders; (ii) order flow shocks, 

perhaps from these noise traders, create arbitrage opportu- 

nities; and (iii) authorized participants (or other sophisti- 

cated traders) correct mispricing through arbitrage, trans- 

mitting noise to underlying security prices. 1 While many 

of these studies analyze the relation between ETF owner- 

ship and various measures of constituent market quality, 

the transmission of noise through an arbitrage mechanism 
1 See Charupat and Mui ( 2011 ); Malamud (2016) ; and Broman and 

Shum (2018) . ETF ownership is associated with higher trading costs and 

less informative prices ( Israeli et al., 2017 ), excess comovement ( Da and 

Shive, 2018 ), and excess volatility ( Ben-David et al., 2018 ) in the underly- 

ing portfolio. 
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is more often presumed than tested directly. 2 In this paper,

we assess the extent to which data supports each of these

assertions by examining whether ETF trading affects the

intraday prices of underlying securities across a sample of

423 passively managed US equity ETFs from 2006 to 2015.

Ultimately, we find little support for the notion that ETF

activity transmits noise to the underlying portfolio. Fur-

thermore, we find strong evidence that ETF prices are more

likely to follow constituent returns, even during episodes

of extreme price divergence or fund and portfolio return

shocks (i.e., stochastic jumps). Rather than transmitting

nonfundamental shocks to underlying security prices, our

results suggest that ETFs may actually shield their portfo-

lios from demand shocks by supporting liquidity provision

in underlying securities. 

Our analysis begins with simple intraday correlations

between ETF and underlying returns and order flows. The

hypothesis that ETF activity affects underlying prices re-

quires at least some statistical relation between ETF order

flow and constituent returns. While we find a strong corre-

lation between underlying order flow and ETF returns, we

find no such relation between ETF trading and portfolio re-

turns at 1-, 5-, and 10 min intervals, and only a weak rela-

tion across daily intervals. Furthermore, we observe strong

correlations between constituent returns and their own or-

der flow, whereas the statistical relation between ETF trad-

ing and price changes is effectively zero. Given that ETF

order flow does not seem to affect fund share prices, it

should not be surprising that underlying security prices are

also unaffected by ETF order flow. 

It is possible that our simple bivariate analysis masks

the true relation between ETF and constituent prices and

trading by failing to account for contemporaneous and in-

tertemporal covariation in these time series. Thus, we pro-

ceed with a panel vector autoregressive (PVAR) framework

wherein all four relations (ETF and underlying order imbal-

ances and returns) can be modeled simultaneously across

our entire sample. Impulse response functions (IRFs) from

this analysis describe the expected impact of a shock to

one variable on future realizations of the other three. If

ETF activity affects constituent securities, we expect to find

shocks in fund order imbalances and/or returns predicting

order imbalances and/or returns in the underlying secu-

rities. However, we observe no statistically significant re-

sponse in constituent prices following shocks to ETF order

flow. While we find a small response in portfolio returns

from a shock to ETF prices, we also report that the re-

sponse of ETF returns to underlying price shocks is approx-

imately six times larger, and that the difference between

the two is statistically significant. 

While IRFs describe one variable’s response to a hy-

pothetical exogenous shock in another, these functions
2 While previous work has not tested this arbitrage mechanism di- 

rectly, several potential limitations of the ETF arbitrage process have 

been suggested. For instance, market frictions allow some mispricings 

to persist longer than a potential arbitrageurs’ planned trading horizon 

( Ben-David et al., 2018 ). Furthermore, investors may not enforce effi- 

cient pricing due to execution risks ( Malamud, 2016 ), transaction costs 

( Broman and Shum, 2018 ), difficulty borrowing shares, as well as vary- 

ing arbitrage speeds or difficulties in observing intrinsic values, especially 

during times of market stress ( Madhavan and Sobczyk, 2016 ). 

1079 
provide no information about how much realized varia- 

tion in one time series can be explained by another. Thus, 

we also perform a forecast error variance decomposition 

(FEVD) of our PVAR specifications to determine whether 

independent shocks to each variable impact future real- 

izations of the other three. Over the 1-, 5-, or 10 min 

interval window, we find that orthogonalized shocks to 

ETF returns explain at most 0.26% of underlying return 

variance, whereas independent shocks to fund order flow 

explain only 0.0 0 07%. Even after limiting our analysis to 

underlying portfolios most exposed to nonfundamental 

ETF shocks, those with low market capitalization or high 

spreads relative to their ETFs, we still find underlying re- 

turns largely unresponsive to either fund returns or order 

imbalances. 

While our PVAR analysis covers the entire cross-section 

of intraday data, it is possible that ETF trading only im- 

pacts constituent securities whenever prices diverge dra- 

matically. To address this possibility, we revisit our 1 min 

frequency intraday analysis but focus only on episodes 

where mispricing (measured by best bid and ask prices 

for the ETF and portfolio) is severe enough for arbitrage 

trading to become potentially profitable. On average, we 

observe selling pressure and negative returns in the con- 

stituents prior to the ETF becoming overvalued (where ETF 

bid is greater than underlying ask), with buying pressure 

and positive portfolio returns before the fund becomes un- 

dervalued (where ETF ask is less than underlying bid). In 

either case, these potential arbitrage opportunities are pre- 

ceded by shocks to underlying security prices, which are 

impounded by directional trading in the portfolio. There- 

fore, profitable arbitrage opportunities are not instigated 

by short-term price pressure in the ETF’s shares, on aver- 

age. Additionally, our results indicate that the constituent 

price shocks preceding these mispricing events do not re- 

verse during the subsequent 30 min window, suggesting 

that they are not transitory in nature. 

During these apparent arbitrage opportunities, we still 

observe swift convergences between bid and ask prices 

for ETFs and their underlying portfolios. As discussed in 

Brogaard et al. (2019) , price discovery can occur both 

through order flows and updated limit orders. However, 

our analysis suggests order flows do not affect the con- 

vergence of prices. After the ETF becomes overvalued (un- 

dervalued), we see additional buying (selling) pressure in 

the fund and net selling (buying) pressure in the portfolio. 

Thus, price discrepancies between ETF and underlying se- 

curities are corrected in the limit order book. Furthermore, 

marketable orders appear to be moving prices for the con- 

stituent securities and the ETF farther away from parity. If 

arbitrage activity were the primary motivation for direc- 

tional trading, we should expect to see order flow pushing 

prices closer together. 

In addition to our analysis of mispricing everts, we 

also examine cumulative returns and order flow around 

stochastic jumps, as identified by the measure of Lee and 

Mykland (2008) , in ETF or portfolio prices. In cases where 

the underlying experiences a stochastic jump, ETF and 

portfolio prices mirror each other almost perfectly. In con- 

trast, ETF return jumps are usually preceded by price 

changes in the underlying securities. Overall, the arbitrage 
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and stochastic jump analyses are consistent with liquid-

ity providers hedging their exposure to informed trading

in the underlying shares, but we find little evidence that

ETF shocks are transmitting noise to their underlying port-

folios. 

If liquidity providers are hedging their exposure to un-

derlying price shocks, a sequence of mispricing events

might lead to imbalances between fund and constituent

shares in a market maker’s inventory. ETFs have a sec-

ond source of liquidity, however, that mitigates much of

the risk associated with market maker inventory accumu-

lation. Specifically, designated market makers, known as

Authorized Participants (APs), can exchange the underly-

ing portfolio for ETF shares directly with the fund spon-

sor. 3 Because ETF shares can be created and redeemed at

the fund’s closing net asset value (NAV), APs are not re-

quired to speculate whether mispricings will eventually

converge. When inventories become large enough, liquid-

ity providers simply sell their accrual of constituent secu-

rities or fund shares in the ETF’s primary market, then use

the resulting creation or redemption to offset any accu-

mulated short position. 4 With this in mind, we repeat our

PVAR analysis at a daily frequency, while including mea-

sures of daily mispricing, creation/redemption activity and

closing discount/premium as additional time series. Similar

to our intraday PVAR analysis, we find little evidence that

ETF trading in the secondary market impacts constituent

prices. Likewise, we observe that portfolio returns are also

unaffected by the fund’s primary market activity. 

While our analysis focuses on direct tests of the rela-

tion between ETF and underlying returns and order flows,

there are two empirical details that are also worth high-

lighting. First, as discussed above, the argument for ETF

noise transmission presumes that ETFs offer greater liq-

uidity than their underlying securities. Across all of our 94

million fund-minutes, the weighted-average quoted spread

(hereafter, quoted spread) of the underlying securities only

exceeds that of the ETF in roughly 45% of our observa-

tions. 5 This means that for our domestic equity focused

sample, ETFs do not offer superior liquidity relative to their

underlying securities on average. Second, it is also assumed

in the noise transmission argument that ETF order flow

shocks generate arbitrage opportunities, the resolution of

which underlies transmission. However, only 1.66% of our
3 Malamud (2016) argues that reductions in primary market trading 

costs may strengthen the shock propagation channel that allows ETFs to 

affect stock returns. Petajisto (2017) suggests that primary market activ- 

ity may not always provide an affordable way to correct price deviations 

between a fund and its NAV. 
4 Another form of potential ETF arbitrage involves a pairs trading strat- 

egy, whereby investors exploit price discrepancies between correlated 

equivalent assets. Box et al. (2019 , 2020 ) document competition between 

ETFs that hold nearly identical portfolios. Marshall et al. (2013) study 

price discrepancies between two ETFs that track the S&P 500 and, ulti- 

mately, find evidence of intraday arbitrage. Likewise, Broman (2016) re- 

ports that unexpected shocks to ETF trading activity are correlated across 

funds with similar holdings. 
5 Underlying bid and ask quotes are measured as the dollar-value- 

weighted mean bid and ask quotes across all of a fund’s constituent se- 

curities. The quoted spread for the underlying portfolio is the difference 

between the two. 

V

1080 
94 million fund-minute observations represent tradeable 

arbitrage opportunities. 

Overall, while our findings preserve the possibility that 

nonfundamental shocks to ETF prices may extend to the 

constituent securities in some way, they also suggest that 

arbitrage trading is not a primary channel through which 

these disruptions are transmitted. 

2. Data and variable definitions 

From the CRSP Survivor-Bias-Free US Mutual Fund 

Database, we collect monthly holdings for 423 passively 

managed US equity funds between 2006 and 2015. 6 To- 

gether, these ETFs account for nearly $1.16 trillion of the 

$1.23 trillion total net assets invested in US domestic eq- 

uity ETFs during 2015. Due to the prevalence of errors in 

self-reported holdings, we verify the accuracy of each Mu- 

tual Fund Database position by corroborating the holding’s 

value using the CRSP Daily Stock File. The details of this 

verification process are provided in Appendix A. 

Based on best bid and ask prices collected from the 

Trade and Quote Database (TAQ), we are able to calculate 

quotes during 94,605,900 fund-minutes for both the ETFs 

( ET F Bid 
t and ET F Ask 

t ) and their underlying portfolios ( Und Bid 
t 

and Und Ask 
t ). In appendices B and C, we describe the con- 

struction of bid and ask prices for the ETFs and their un- 

derlying portfolios. At each time t , we also calculate per- 

centage returns ( RetRa w t ) based on changes in the mid- 

point between bid and ask quotes for both the ETF and its 

underlying portfolio. For most of the securities in our anal- 

ysis, the distribution of these intraday midpoint returns is 

highly leptokurtic. Thus, to minimize the influence of ex- 

treme price changes, we examine intraday returns ( Re t t ) 

after performing the following adjustment: 

Re t t = 

{
ln ( 1 + RetRa w t ) , i f RetRa w t ≥ 0 

− ln ( 1 + | RetRa w t | ) , i f RetRa w t < 0 

. (1) 

By computing the midpoint return’s natural log inde- 

pendently for positive and negative values, we preserve the 

distribution’s natural symmetry around zero. 7 

Next, we calculate directional order flow ( V olDi f f Ra w t ), 

scaled by average total volume and reported in basis 

points, during each period t: 

 olDi f f Ra w t = 

BuyV o l t − Sel l V o l t 
1 
T 

× ∑ T 
t=1 ( BuyV o l t + Sel l V o l t ) 

× 10 , 0 0 0 , 

(2) 

where BuyV o l t is the dollar value of all trades occurring 

at prices above the prevailing midpoint, Sel l V o l t represents 
6 The sample is limited to the 423 passively managed US equity funds 

for which we can accurately identify daily holdings, as described in Ap- 

pendix A, and match those holdings to TAQ data. All analyses include all 

funds in this sample. 
7 Using logged returns, instead of the symmetric log transformation de- 

scribed in Eq. (1) , exaggerates the magnitude of negative outliers, induc- 

ing negative skewness into both ETF and underlying returns. Nonetheless, 

our analyses are robust to the method of log transformation. To further 

ensure that our approach for mitigating outliers is not driving the results, 

we repeat our primary PVAR analysis using entirely untransformed vari- 

ables. The resulting impulse response functions (IRF) and forecast error 

variance decomposition (FEVD) are included in Appendix D. 
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Table 1 

Summary statistics for midpoint return and order imbalance variables. 

Ret Und 
t represents the midpoint return of the underlying securities during period t defined in Eq. (1) . Likewise, Ret ETF 

t , represents the midpoint return of 

the ETF. VolDi f f Und 
t and VolDi f f ETF 

t , defined in Eq. (3) , measure the difference between buy and sell volume for the underlying securities and ETF shares, 

respectively. Correlations are estimated across the entire sample. 

Summary Statistics Correlations 

Mean P1 P10 P25 P50 P75 P90 P99 Ret Und 
t Ret ETF 

t VolDi f f Und 
t 

Panel A: 1-Minute Window 

Ret Und 
t 0.00 -0.17 -0.05 -0.02 0.00 0.02 0.05 0.18 

Ret ETF 
t 0.00 -0.18 -0.05 -0.02 0.00 0.02 0.05 0.18 81.6% 

VolDi f f Und 
t -0.01 -8.66 -7.49 -6.66 0.00 6.66 7.49 8.68 9.5% 8.4% 

VolDi f f ETF 
t 0.24 -11.01 -7.41 0.00 0.00 0.00 8.01 11.28 -1.2% -2.0% 2.2% 

Panel B: 5-Minute Window 

Ret Und 
t 0.00 -0.38 -0.13 -0.05 0.00 0.05 0.12 0.38 

Ret ETF 
t 0.00 -0.38 -0.13 -0.05 0.00 0.05 0.12 0.38 91.8% 

VolDi f f Und 
t -0.09 -9.72 -8.57 -7.77 -3.45 7.73 8.55 9.74 19.9% 18.8% 

VolDi f f ETF 
t 0.63 -12.64 -9.89 0.00 0.00 8.20 10.36 12.83 -0.3% -0.3% 2.0% 

Panel C: 10-Minute Window 

Ret Und 
t 0.00 -0.49 -0.17 -0.07 0.00 0.07 0.17 0.49 

Ret ETF 
t 0.00 -0.50 -0.17 -0.07 0.00 0.07 0.17 0.50 94.3% 

VolDi f f Und 
t -0.10 -10.19 -9.05 -8.26 -4.04 8.20 9.03 10.22 23.2% 22.2% 

VolDi f f ETF 
t 0.87 -13.25 -10.75 -8.14 0.00 9.56 11.20 13.41 0.2% 0.4% 2.3% 
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the dollar value of trades occurring below the quoted mid-

point, and T is the total number of periods within each

trading day. As with midpoint return, we use a symmetric

log transformation of V olDi f f Ra w t to minimize the effect

of outliers on our analyses: 

 olDi f f t = 

{
ln ( 1 + V olDi f f Ra w t ) , i f V o lDi f f Ra w t ≥ 0 

− ln ( 1 + | V olDi f f Ra w t | ) , i f V o lDi f f Ra w t < 0 
.

(3)

Table 1 provides summary statistics for each of the

four variables of interest, Ret Und 
t , Ret ET F 

t , V olDi f f Und 
t , and

 olDi f f ET F 
t , calculated over 1-, 5-, and 10-minute win-

dows within each trading day. Regardless of frequency,

constituent midpoint returns and directional order flow

demonstrate minimal skewness and both have average val-

ues centered near zero. For ETFs, however, Table 1 reports

that the average V olDi f f ET F 
t is positive across all three fre-

quencies. Sellers, of any asset, should raise prices in re-

sponse to strong demand and lower prices whenever de-

mand is weak. If order imbalance captures the net demand

for a security, it is not obvious why liquidity providers

would choose to offer ETFs at prices low enough to en-

courage a disparity between buy and sell volume. Persis-

tent order imbalances, especially over such a lengthy sam-

ple period, raise the possibility that ETF prices might not

respond to buying and selling pressure in the same way as

their underlying securities. 

For a cursory look at how price changes and order im-

balances might be associated, Table 1 also reports the es-

timated correlation coefficients between each of our four

variables. Not surprisingly, we find a strong connection

between ETF and underlying portfolio returns across all

frequencies, with correlations becoming even stronger as

measurement frequency falls. We also see that the corre-

lation between Ret Und 
t and V olDi f f Und 

t is positive, imply-

ing that directional order flow usually trends in the same
1081 
direction as price changes for the underlying securi- 

ties. Once again, this association becomes stronger as 

the measurement window lengthens. For ETFs, however, 

Table 1 provides little evidence that directional order flow 

is positively associated with their own midpoint returns. 

Furthermore, the estimated correlation between Ret ET F 
t and 

 olDi f f ET F 
t is even slightly negative at the 1- and 5 min 

frequencies, whereas ETF returns are positively related to 

order imbalances within their underlying portfolios. Thus, 

for ETFs, price changes coincide with buying and selling 

pressure in their constituent securities, but not with trad- 

ing in their own shares. 

In previous studies, it is presumed that order imbal- 

ance in ETF shares, possibly initiated by short-term noise 

traders, pushes fund prices away from fundamental values, 

and that these fluctuations are impounded into underlying 

securities through an arbitrage mechanism. From Table 1 , 

it seems unlikely that ETF order imbalances are contempo- 

raneously influencing their own returns, much less those 

of their underlying portfolios. For the passively managed 

domestic equity strategies populating our sample, persis- 

tent order imbalances, and negligible associations between 

trading and returns, suggest that underlying portfolio val- 

ues determine ETF bid and offer prices, not buying and 

selling pressures in the fund’s shares. 

3. Intraday analysis 

Even though bivariate analysis does not reveal a con- 

temporaneous association between ETF trading and portfo- 

lio returns, a more robust empirical approach might reveal 

a link between ETF order flow and constituent prices. Mul- 

tiple confounding empirical characteristics may obscure 

this link. For instance, shocks to the supply and demand 

of underlying shares, regardless of whether those shocks 

are related to ETF activity, might not impact security prices 

contemporaneously. Also, momentum in either order 
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Instead of first-differencing, Arellano and Bover (1995) propose a forward 

orthogonal deviation that subtracts the average of all future observations 

and preserves all but the most recent realizations for the instrument 

set. Further, to improve efficiency, especially in unbalanced panels, Holtz- 

Eakin et al. (1988) recommend substituting missing observations with 

zero. 
10 The Andrews and Lu (2001) model selection criteria suggest that the 

specification’s order p should equal 5, 9, and 16 for the 1-, 5-, and 10- 

minute window samples, respectively. In all cases, q is suggested to equal 
imbalance or returns could mask a fundamental connec-

tion between these variables. Lastly, if order imbalances

and price changes for ETFs and their constituents are

jointly determined, measuring responses to independent

shocks in one of these time series would require an ap-

proach that accounts for all potential interdependencies. 

One approach to addressing the interdependencies

between these variables is panel vector autoregres-

sion (PVAR). More commonly used vector autoregres-

sion (VAR) models account for intertemporal dependence

between groups of macroeconomic variables (see, e.g.,

Hamilton, 1985 ; Koijen et al. , 2017 ; and Duffee, 2018 ). Un-

like structural models with simultaneous equations, VAR

models require little knowledge of the economic forces

that impact each time series. Variables are usually treated

as endogenous within a VAR system, but the impact of

shocks to individual time series can still be modeled

through an impulse response function (IRF) and forecast

error variance decomposition (FEVD). Holtz-Eakin et al.

(1988) extend the estimation of vector autoregressive sys-

tems to panel data, accounting for heterogeneity in lev-

els, variances, and the time series correlation patterns of

each panel cross-section. To do this, they apply an instru-

mental variables approach to the quasi-differenced autore-

gressive equations ( Love and Zicchino, 2006 ; Abrigo and

Love, 2016 ). In our setting, PVAR allows us to simultane-

ously quantify the reaction of ETF and portfolio returns and

order flow to independent innovations in these same vari-

ables using a large cross-section of fund-days. 8 

The following system of linear equations represents a

PVAR specification of order p: 

 f dt = Y f dt−1 A 1 + Y f dt−2 A 2 

+ . . . + Y f dt−p A p + αdt + γ f d + ε f dt , (4)

where Y f dt is a ( 1 × 4 ) vector of dependent variables,

Ret Und 
f dt 

, Ret ET F 
f dt 

, V olDi f f Und 
f dt 

and V olDi f f ET F 
f dt 

for each fund

( f ), date ( d), and time ( t ∈ { 1 , 2 , . . . , T } ). The vector αdt 

contains variable-specific fixed effects for each date-time

combination, and γ f d is vector of variable-specific panel ef-

fects for each fund-date. The parameters to be estimated

are included in the 4 × 4 matrices A 1 , A 2 ,…, A p , and the

vector ε f dt consists of idiosyncratic error terms for each

dependent variable, such that E[ ε f dt ] = 0 , E[ ε ′ 
f dt 

ε f dt ] = �

and E[ ε ′ 
f dt 

ε f ds ] = 0 for all t > s . To correct for estimate bi-

ases due to panel effects with lagged dependent variables,

we utilize an instrument set made up of all future obser-
9 
vations. 

8 Panel vector autoregressions are used in a similar context by 

Hilscher et al. (2015) , Hollifield et al. (2017) , and Lee et al. (2018) . 
9 While the bias approaches zero as the total number of time peri- 

ods increases, Judson and Owen (1999) find significant bias even when 

T = 30 . Based on the assumption that idiosyncratic errors are serially 

uncorrelated, consistent GMM estimators have been proposed whereby 

parameter estimates are based on a first-difference transformation of the 

dependent variables. Thus, lagged levels and differences of Y f dt become 

eligible instruments for the transformed dependent variables. With first- 

difference transformation, a second-order PVAR requires that T i ≥ 5 re- 

alizations are available for each subject. Here, �Y f dt−1 is modeled as a 

function of �Y f dt−1 = Y f dt−1 − Y f dt−2 and �Y f dt−2 = Y f dt−2 − Y f dt−3 , so the 

levels Y f dt−1 , Y f dt−2 and Y f dt−3 are ineligible as instruments. Thus, the lev- 

els Y f dt−4 and Y f dt−5 must be available for the model to be just-identified. 

1082 
The consistency of generalized method of moments 

(GMM) estimation relies on optimal model and moment 

selection. Andrews and Lu (2001) propose criteria resem- 

bling the widely used Bayesian information criterion to 

select each specification’s order p and how many lags q 

of the dependent variables form the basis of the mo- 

ment conditions. 10 Once the optimal model has been cho- 

sen, IRFs, derived from the parameter estimates of A 1 , 

A 2 ,…, A p , describe each dependent variable’s evolution fol- 

lowing some exogenous shock. These IRFs have no causal 

interpretation, however, because the idiosyncratic errors, 

ε f dt , are likely to be correlated contemporaneously. 

To determine whether independent shocks to one vari- 

able, such as V olDi f f ET F 
f dt 

, impact future realizations of an- 

other, like Ret Und 
f dt 

, we rely on FEVD analysis for most of 

our qualitative interpretations. Here, idiosyncratic errors 

are orthogonalized to isolate the contribution of exogenous 

shocks in one variable to the forecast-error variances of all 

the others. Sims (1980) proposes a Cholesky decomposition 

of � whereby an instantaneous causal ordering of each 

time series is specified by their arrangement within Y f dt . 
11 

For the sequence [ Ret Und 
f dt 

, Ret ET F 
f dt 

, V olDi f f Und 
f dt 

, V olDi f f ET F 
f dt 

] , 

shocks to fund order flow are orthogonalized relative to 

the immediate impacts of each preceding variable. Thus, 

FEVD analysis can tell us how much independent shocks 

to ETF order flow imbalance, V olDi f f ET F 
f dt 

, at t = 0 influence 

realizations of V olDi f f Und 
f dt 

, Ret ET F 
f dt 

, and, most importantly, 

Ret Und 
f dt 

during subsequent periods. 12 

3.1. Full sample panel vector autoregression results 

To ease the computational burden of estimating Eq. (4) , 

the variables Ret Und 
f dt 

, Ret ET F 
f dt 

, V olDi f f Und 
f dt 

, and V olDi f f ET F 
f dt 

are centered across date and time combinations so that 

variable-specific fixed effects αdt can be omitted from the 

specification. 13 Each time series is also standardized by 

their fund-specific intraday volatilities realized during the 
p + 3 . 
11 The ordering is such that the first time series in Y f dt may have an 

immediate impact on all other variables. The second time series may have 

an instantaneous impact on the remaining components of Y f dt , excluding 

the first variable, and so on. This type of causality is often referred to as 

Wold causality. 
12 This ordering ensures that examinations of ETF variables measure 

shocks that are independent of underlying returns and order flows, a 

necessary condition for assessing how ETFs impact underlying securities 

Brown et al., 2019 ). We also estimate Eq. ( (4) with several different order- 

ings, but qualitative inferences regarding the impact of fund order flow on 

subsequent constituent prices are unchanged by these alternative specifi- 

cations. 
13 Centering variables across date and time combinations removes the 

systematic component of intraday returns and order flow during each pe- 

riod. 
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Fig. 1. 5-minute cumulative impulse response functions 

This figure depicts the cumulative impulse response functions (IRF) derived from the estimated parameters from Eq. (4) . These IRFs describe each dependent 

variable’s evolution following a one standard deviation shock in the associated impulse variable. The four variables included are Ret Und 
t and Ret ETF 

t , as defined 

in Eq. (1) , and V olDi f f Und 
t and V olDi f f ETF 

t , as defined in Eq. (3) , measured over 5-minute intervals. Confidence intervals, 97.5% and 2.5%, are denoted by 

dotted lines. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

14 While IRFs depict hypothetical exogenous shocks to idiosyncratic er- 

ror terms, realized shocks are often correlated between certain variables. 

Consider a scenario where idiosyncratic shocks to Ret Und 
f dt 

and Ret ETF 
f dt 

are 

only ~70% correlated during a typical 5-minute period but, eventually, 

the prices of ETFs and their portfolios must converge. Without continu- 

ations or reversals, ~30% of the shock in one of these time series would 

manifest itself in the other during subsequent periods. Despite full con- 

vergence between their prices, the cumulative IRF would only suggest a 
prior 200 days, with a minimum of 50 days required for

inclusion in the analysis. After estimating the parameters

from Eq. (4) , we derive ten-period IRFs following a unit

shock to the idiosyncratic error terms of each dependent

variable. 

Fig. 1 depicts cumulative IRFs based on our parameter

estimates, which describe a variable’s accumulated reac-

tion in each of the proceeding ten periods. Response vari-

ables are denoted along the top of each column, and im-

pulse variables are indicated to the left of each row. The

97.5% and 2.5% confidence intervals are designated by dot-

ted lines above and below the average impulse response.

By standardizing Ret Und 
f dt 

, Ret ET F 
f dt 

, V olDi f f Und 
f dt 

, and V olDi f f ET F 
f dt 

prior to the estimation of Eq. (4) , the cumulative IRFs in

Fig. 1 describe each variable’s expected reaction following

a one-standard deviation shock to an impulse variable dur-

ing t = 0 . While only 5 min results are tabulated, cumula-

tive IRFs from the 1- and 10 min samples are qualitatively

similar. 

Despite their inability to generate causal inferences, cu-

mulative IRFs can help us understand how variables within

a dynamic system interact with each other on average. The

IRFs along the diagonal of Fig. 1 represent the cumula-

tive response of each variable ( Ret Und 
f dt 

, Ret ET F 
f dt 

, V olDi f f Und 
f dt 

,

and V olDi f f ET F 
f dt 

) from a one standard deviation shock to it-

self. For the underlying, we observe a small reversal (5%

dissipation to 0.95 at 50 min after the shock) compared

with a strong continuation in underlying directional order
1083 
flow. For the ETF, we observe a larger reversal (32% dis- 

sipation to 0.68) and a more modest continuation in the 

ETF directional order flow (to 114%). Across the top row, a 

positive shock to underlying prices is followed by a large 

positive ETF return response (0.32 standard deviations). 14 

The directional order flow responses, however, present a 

more interesting pattern. The positive underlying return 

shock is followed by buying in the underlying shares (0.08 

standard deviation response) and selling in the ETF (-0.03 

standard deviation response). Here, fund trading trends in 

the opposite direction as price changes suggesting, once 

again, that ETFs might respond differently to price pres- 

sures than their underlying portfolios. 

In the second row of Fig. 1 , even though we observe 

ETF price shocks generating positive responses in underly- 

ing returns and order flow, the cumulative reactions never 

amount to more than a small fraction of one standard de- 

viation. For comparison, a one standard deviation shock 

to Ret ET F 
t only generates an accumulated 0.06 standard 
~0.3-unit response in one variable resulting from a unit shock to the other. 
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Table 2 

Intraday panel vector autoregression forecast-error variance decomposition. 

This table presents the fraction of forecasted error variance explained by exogenous shocks to impulse variables after ten periods. The four variables 

included are Ret Und 
t and Ret ETF 

t , as defined in Eq. (1) , and VolDi f f Und 
t and VolDi f f ETF 

t , as defined in Eq. (3) , measured over 1-, 5-, and 10-minute intervals. 

Shocks are orthogonalized from top to bottom in the order presented. 

Panel A: 1 Min Window 

Response Variable 

Ret Und 
10 Ret ETF 

10 VolDi f f Und 
10 VolDi f f ETF 

10 

Impulse 

Variable 

Ret Und 
0 99.73% 18.67% 0.19% 0.00% 

Ret ETF 
0 0.26% 81.32% 0.01% 0.05% 

VolDi f f Und 
0 0.01% 0.00% 99.80% 0.00% 

VolDi f f ETF 
0 0.00% 0.01% 0.00% 99.95% 

Observations 87,421,327 

Panel B: 5 Min Window 

Response Variable 

Ret Und 
10 Ret ETF 

10 VolDi f f Und 
10 VolDi f f ETF 

10 

Impulse 

Variable 

Ret Und 
0 99.83% 37.14% 0.41% 0.01% 

Ret ETF 
0 0.16% 62.86% 0.01% 0.01% 

VolDi f f Und 
0 0.00% 0.00% 99.58% 0.00% 

VolDi f f ETF 
0 0.00% 0.00% 0.00% 99.99% 

Observations 15,309,936 

Panel C: 10 Min Window 

Response Variable 

Ret Und 
10 Ret ETF 

10 VolDi f f Und 
10 VolDi f f ETF 

10 

Impulse 

Variable 

Ret Und 
0 99.89% 43.20% 0.51% 0.01% 

Ret ETF 
0 0.11% 56.80% 0.00% 0.00% 

VolDi f f Und 
0 0.00% 0.00% 99.48% 0.00% 

VolDi f f ETF 
0 0.00% 0.00% 0.00% 99.99% 

Observations 6821,930 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

15 Idiosyncratic shocks to underlying returns are not orthogonalized rel- 

ative to Ret ETF 
t , V olDi f f Und 

t , and V olDi f f ETF 
t because of the variable or- 

dering within Y f dt . Statistically, it is not possible to determine whether 

temporally correlated shocks to the fund and portfolio are attributable to 

one or the other. As basket securities, however, ETF returns should be im- 

pacted instantaneously by shocks to constituent prices. This presumption 

is also supported by our graphical analysis. 
16 The lack of association between Ret Und 

t and VolDi f f Und 
t in the FEVD 

analysis may seem curious given their positive correlation reported in 

Table 1 . FEVD only measures the contribution of independent shocks in 

one time series to the forecast-error variance of another. While innova- 

tions in Ret Und 
t and VolDi f f Und 

t are obviously related contemporaneously, 

the FEVD results show that orthogonalized shocks to order flow do not 

impact future realizations of returns. 
deviation response in underlying returns after 50 min,

whereas a unit shock to Ret Und 
t generates a 0.34 standard

deviation reaction in ETF returns over the same horizon.

Furthermore, confidence intervals around each IRF show

that this difference is statistically significant. For the other

off-diagonal figures in the two bottom rows, we see almost

no evidence that demand shocks to the underlying or ETF

shares are correlated with their subsequent returns. Simi-

lar to our correlation findings, the IRF results are not con-

sistent with ETF trading negatively impacting the underly-

ing portfolio through an arbitrage mechanism. 

To better understand the causal links between ETF trad-

ing and portfolio returns, we now turn to a FEVD analy-

sis of our parameters estimated from Eq. (4) . The contribu-

tions of an impulse variable to the forecast-error variance

of each response variable, after ten periods, are tabulated

in Table 2 . Panels A, B, and C report FEVD estimates for the

1-, 5-, and 10 min windows, respectively. 

Regardless of the frequency with which the variables

are measured, we find almost no evidence that indepen-

dent shocks to ETF returns ( Ret ET F 
t ) or ETF order imbalance

( V olDi f f ET F 
t ) impact future price changes or trading in the

underlying securities. While fund returns may contribute a

tiny fraction to their portfolio return’s total forecast-error

variance, 0.26% in the 1 min sample, orthogonalized shocks

to ETF order flow have no relation to future innovations in

Ret Und 
t or V olDi f f Und 

t . Conversely, the results in Table 2 also

suggest that future fund returns are influenced by price

changes in their underlying securities, or at least by under-
1084 
lying and fund price changes that occur simultaneously. 15 

Roughly 18.67% of Ret ET F 
t ’s forecast-error variance can be 

explained by shocks to constituent prices in the 1-minute 

sample, rising to 43.20% in the 10 min sample. Altogether, 

our results imply that, while future ETF prices respond to, 

potentially simultaneous, shocks in their underlying port- 

folios, orthogonalized ETF shocks do not affect their port- 

folios reciprocally during later periods. 16 

3.2. ETF liquidity 

Across a broad sample of US equity ETFs, our PVAR 

analysis demonstrates that independent shocks to fund 

prices and order imbalances have little effect on subse- 

quent constituent returns and trading. It is possible, how- 

ever, that the relation depends on a liquidity differen- 
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Table 3 

Intraday 5-minute panel vector autoregression forecast-error variance decomposition across size categories. 

This table presents the fraction of forecasted error variance explained by exogenous shocks to impulse variables after ten periods. The four variables 

included are Ret Und 
t and Ret ETF 

t , as defined in Eq. (1) , and V olDi f f Und 
t and V olDi f f ETF 

t , as defined in Eq. (3) , measured over 5-minute intervals. Shocks are 

orthogonalized from top to bottom in the order presented. The PVAR specification is estimated separately on four subsamples divided on the market 

capitalization of the ETF and underlying securities. Funds and constituents are included in the “Large” group if their mean daily market capitalization falls 

in the top tercile of our sample during a particular month, “Small” if in the bottom two terciles. Underlying securities are similarly included in the Large 

group if the daily average of the value-weighted market capitalization of the underlying securities falls in the top tercile of our sample during a particular 

month, Small if in the bottom two terciles. 

Small underlying Large underlying 

Small ETF Response Variable 

Ret Und 
10 Ret ETF 

10 VolDi f f Und 
10 VolDi f f ETF 

10 

Impulse 

Variable 

Ret Und 
0 99.93% 39.37% 0.40% 0.00% 

Ret ETF 
0 0.07% 60.63% 0.00% 0.01% 

VolDi f f Und 
0 0.00% 0.00% 99.60% 0.00% 

VolDi f f ETF 
0 0.00% 0.00% 0.00% 99.99% 

Response Variable 

Ret Und 
10 Ret ETF 

10 VolDi f f Und 
10 VolDi f f ETF 

10 

Impulse 

Variable 

Ret Und 
0 99.85% 19.76% 0.54% 0.00% 

Ret ETF 
0 0.15% 80.24% 0.00% 0.01% 

VolDi f f Und 
0 0.00% 0.00% 99.46% 0.00% 

VolDi f f ETF 
0 0.00% 0.00% 0.00% 99.99% 

Large ETF Response Variable 

Ret Und 
10 Ret ETF 

10 VolDi f f Und 
10 VolDi f f ETF 

10 

Impulse 

Variable 

Ret Und 
0 99.68% 51.93% 0.35% 0.03% 

Ret ETF 
0 0.32% 48.07% 0.00% 0.00% 

VolDi f f Und 
0 0.00% 0.00% 99.64% 0.01% 

VolDi f f ETF 
0 0.00% 0.00% 0.00% 99.96% 

Response Variable 

Ret Und 
10 Ret ETF 

10 VolDi f f Und 
10 VolDi f f ETF 

10 

Impulse 

Variable 

Ret Und 
0 99.75% 46.37% 0.46% 0.01% 

Ret ETF 
0 0.25% 53.63% 0.03% 0.00% 

VolDi f f Und 
0 0.00% 0.00% 99.51% 0.00% 

VolDi f f ETF 
0 0.00% 0.00% 0.00% 99.98% 
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ing portfolios) ranked by market capitalization accounts for 95.6% (78.6%) 
tial between ETFs and their underlying securities. For in-

stance, Charupat and Mui ( 2011 ), Malamud (2016) , Israeli

et al. (2017) , and Broman and Shum (2018) suggest that

short-term traders, those that are most likely to introduce

noise into security prices, are encouraged by the superior

liquidity of ETFs. Thus, to identify cases where a fund’s liq-

uidity might be superior, relative to its underlying hold-

ings, we divide our sample into four distinct subsets: Small

Underlying and Small ETF, Small Underlying and Large ETF,

Large Underlying and Small ETF, and Large Underlying and

Large ETF. Funds are included in the “Large” group if their

mean daily market capitalization falls in the top tercile of

our sample during a particular month, and in the “Small”

group if in the bottom two terciles. Underlying securities

are similarly included in the Large group if the daily aver-

age of value-weighted market capitalization for the under-

lying securities falls in the top tercile of our sample during

a particular month, and the Small group for average capi-

talizations in the bottom two terciles. 17 

After generating unique parameter estimates for

Eq. (4) from each of the four subsamples, we tabulate

results from a FEVD analysis in Table 3 . We expect that

disparities in liquidity will be greatest whenever ETFs are
17 Underlying market capitalization is the dollar-weighted average of all 

stocks held by the ETF, based on their CRSP price and shares outstanding 

reported at the end of the previous year. The top tercile of ETFs (underly- 

1085 
large relative to their underlying holdings. 18 Even though 

the impact of independent fund return shocks on under- 

lying returns, Ret Und 
t , is greatest for the Small Underlying 

and Large ETF subset, these impulses contribute only 0.32% 

to the portfolio return’s total forecast-error variance. Thus, 

even in a subset where the fund’s market capitalization 

is most likely to exceed that of its average constituent, 

independent ETF price changes have almost no influence 

on subsequent portfolio returns. 

Where we find the most meaningful variation across 

the four subsamples is in the share of ETF returns’ total 

forecast-error variance that is attributable to the underly- 

ing, or potentially simultaneous, price changes. For funds 

that are large relative to the average market capitalization 

of their holdings, Table 3 demonstrates that future inno- 

vations in ETF prices are more strongly influenced, 51.93% 

of forecast-error variance, by shocks to constituent re- 

turns. Conversely, shocks to Ret Und 
t contribute only 19.76% 

to the forecast-error variance of Ret ET F in the Large 
of aggregate value on average. 
18 Even amongst the largest ETFs, the market capitalization of the fund 

is usually dwarfed by the average size of their holdings. For instance, 

the largest ETF, the SPDR S&P 500, had an average market value of $263 

billion in 2019 according to The Wall Street Journal . By comparison, the 

fund’s largest holding, Microsoft, is worth more than $1 trillion. 
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Table 4 

Intraday 5-minute panel vector autoregression forecast-error variance decomposition across spread difference quintiles. 

This table presents the fraction of forecasted error variance explained by exogenous shocks to impulse variables after ten periods. The four variables 

included are Ret Und 
t and Ret ETF 

t , as defined in Eq. (1) , and V olDi f f Und 
t and V olDi f f ETF 

t , as defined in Eq. (3) , measured over 5-minute intervals. Shocks are 

orthogonalized from top to bottom in the order presented. The PVAR specification is estimated separately on five subsamples divided daily on the mean 

minute-by-minute difference in spread between the fund and its underlying portfolio over the prior 200 days. 

Impulse Variable Response Variable ETF Spread Difference Quintile 

ETF Spread Low Relative to Underlying ↔ ETF Spread High Relative to Underlying 

1 2 3 4 5 

Ret Und 
0 Ret Und 

10 99.90% 99.90% 99.74% 99.95% 99.98% 

Ret ETF 
10 59.92% 64.46% 48.68% 43.51% 32.50% 

VolDi f f Und 
10 0.66% 0.49% 0.48% 0.59% 0.53% 

VolDi f f ETF 
10 0.02% 0.00% 0.00% 0.01% 0.01% 

Ret ETF 
0 Ret Und 

10 0.10% 0.10% 0.25% 0.05% 0.01% 

Ret ETF 
10 40.07% 35.53% 51.31% 56.48% 67.50% 

VolDi f f Und 
10 0.00% 0.00% 0.01% 0.00% 0.00% 

VolDi f f ETF 
10 0.01% 0.01% 0.00% 0.00% 0.00% 

VolDi f f Und 
0 Ret Und 

10 0.00% 0.00% 0.01% 0.00% 0.00% 

Ret ETF 
10 0.00% 0.00% 0.00% 0.00% 0.00% 

VolDi f f Und 
10 99.33% 99.51% 99.51% 99.40% 99.46% 

VolDi f f ETF 
10 0.00% 0.00% 0.00% 0.00% 0.00% 

VolDi f f ETF 
0 Ret Und 

10 0.00% 0.00% 0.00% 0.00% 0.00% 

Ret ETF 
10 0.00% 0.00% 0.00% 0.00% 0.00% 

VolDi f f Und 
10 0.00% 0.00% 0.00% 0.00% 0.00% 

VolDi f f ETF 
10 99.97% 99.99% 99.99% 99.99% 99.99% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

19 Instead of trading directly in the fund’s holdings, arbitrageurs could 

take an opposing position in some other highly correlated security. Simi- 

lar to our strategy for classifying funds according to their relative bid-ask 

spreads, we also group ETFs by their degree of comovement with other 

funds. Just as in the previous analyses, we are unable to isolate a sub- 

set of ETFs where shocks to the demand or pricing of a fund affect its 

holdings after the shock. Funds without a strongly correlated alternative 

to trading directly in the underlying securities respond less efficiently to 

innovations in portfolio values. Yet, the absence of suitable alternatives 

to direct arbitrage still does not seem to encourage the transmission of 

price shocks from the ETF to its holdings. See Appendix E for more on 
Underlying and Small ETF subsample. Instead of conduct-

ing more noise into constituent security prices, the supe-

rior liquidity of relatively large ETFs only seems to facili-

tate a more efficient response to innovations in portfolio

values. 

To examine how differences in liquidity between the

funds and their underlying securities may affect our re-

sults, we also divide our 5 min sample into quintiles based

on the ETF’s and constituents’ relative bid-ask spreads.

Quintile breakpoints are based on the difference between

average minute-by-minute intraday quoted spreads for the

fund and its market-weighted portfolio during the previ-

ous 200 trading days. The first quintile consists of ETFs

with bid-ask spreads that are low relative to their hold-

ings, whereas the fifth quintile contains funds with quotes

that are wide compared to the constituents. 

The results in Table 4 show that independent shocks to

ETF returns, Ret ET F 
t , and ETF order imbalance, V olDi f f ET F 

t ,

still have almost no impact on future price changes or

trading in the underlying securities, regardless of any dis-

parities between fund and constituent quoted spreads. Fur-

thermore, the small fraction of the portfolio return’s to-

tal forecast-error variance that can be attributed to ETF

returns does not seem to vary monotonically with rela-

tive liquidity. Here, 0.25% of the forecast-error variance

of underlying returns is contributed by independent fund

price changes in the middle subset, falling to 0.10% and

0.01% in the lowest and highest spread difference quintiles,

respectively. 

Once again, the most interesting differences across the

subsamples are found in the response of Ret ET F 
t from or-

thogonalized shocks to Ret Und 
t . While variation across the

quintiles is not perfectly monotonic, a larger proportion

of the ETF return’s total forecast-error variance is con-

tributed by portfolio price changes when the fund’s quoted
1086 
spread is low relative to its constituents. Altogether, the re- 

sults from Table 3 and Table 4 suggest that fund liquidity 

is not promoting the transfer of shocks from equity ETFs 

into their holdings. 19 Even if a fund’s liquidity encouraged 

short-term trading, it might also dampen the price impact 

of nonfundamental demand shocks. Empirically, improve- 

ments in an ETF’s relative liquidity only seem to improve 

the efficiency of the fund’s reaction to underlying price 

changes without promoting a transfer of noise into secu- 

rity prices. 

3.3. ETF mispricing 

The results from our FEVD analysis strongly suggest 

that independent shocks to ETF prices or order imbal- 

ances have little economic impact on the future returns 

and trading of their portfolio securities. However, the arbi- 

trage mechanism, as described in prior studies, requires at 

least some divergence between fund and underlying prices. 

Perhaps the effect of ETF trading on constituent shares is 

only observable when mispricing is large enough to incen- 

tivize arbitrageurs to enter opposing positions. To address 

this possibility, we examine the relation between ETF and 
our analysis of correlated alternatives. 



T. Box, R. Davis, R. Evans et al. Journal of Financial Economics 141 (2021) 1078–1095 

Fig. 2. Mispricing events 

This figure depicts four mispricing associations between an ETF and its underlying portfolio. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

underlying returns and order flow during episodes of sig-

nificant price divergence. 

3.3.1. Relative bid-ask spread inferred mispricing 

Fig. 2 describes four mispricing associations between an

ETF and its underlying portfolio. In all four cases, the ETF is

trading at a premium or discount as measured by the per-

centage difference in midpoint prices. However, only Panel

A and Panel D describe a tradeable arbitrage opportunity.

In Panel A, for instance, the ETF’s bid price is above the

ask price for the underlying portfolio. Therefore, the simul-

taneous purchase of the underlying portfolio, and sale of

the ETF, would result in realized profits if prices later con-

verged. In Panel B, the midpoint price of the ETF is still

higher than that of its underlying portfolio, but the simul-

taneous purchase of the underlying portfolio, and sale of

the ETF at the prevailing ask and bid, respectively, would

not result in a profitable trade. 20 

We next compare all ETF and underlying bid and ask

prices at the end of every minute during our sample

period. All fund-minute observations are designated as

M isp EB>UA 
t , M isp UA>EB>UM 

t , M isp U M>EA>U B 
t or M isp UB>EA 

t , in

accordance with Fig. 2 , or classified as NoMis p t when none

of these conditions is satisfied. Table 5 reports the percent-

age of fund-minute observations that are mispriced across

our entire sample. Out of 94,605,900 total fund-minute ob-

servations, 813,815 and 749,441 are classified as overval-

ued and undervalued, respectively. Thus, tradeable arbi-

trage opportunities exist between an ETF and its underly-

ing portfolio approximately 1.66% of the time. The classifi-
20 While this does not rule out the possibility that a skilled arbitrageur 

could profit from the submission of non-marketable orders in the partially 

overvalued and undervalued scenarios depicted in Panels B and C respec- 

tively, the four different designations shown here help to categorize the 

degree and direction of potential mispricing between the ETF and under- 

lying. 

1087 
cations Misp UA>EB>UM 

t and Misp U M>EA>U B 
t account for 3.69% 

and 3.63% of our observations, respectively, leaving 91.02% 

of fund-minutes designated as NoMis p t . 

While smaller ETFs are likely to be less liquid, and 

ETFs that hold smaller securities are probably more dif- 

ficult to value, the results in Table 5 indicate that the 

proportion of overvalued and undervalued fund-minutes is 

roughly equal across all size subsamples. To understand 

why, quoted spreads for the ETF and underlying portfolio 

are also reported in the in the far-right columns of the ta- 

ble. As expected, the Large ETF and Large Underlying clas- 

sifications have lower spreads. However, these narrower 

spreads mean that relatively minor discrepancies between 

the ETF and its portfolio can lead to tradeable arbitrage op- 

portunities. Thus, the margin for error shrinks with fund 

and security size. Furthermore, contrary to the common 

presumption that superior ETF liquidity could attract short- 

term traders and introduce noise into constituent prices 

(Charupat and Mui, 2011 ; Malamud, 2016 ; Israeli et al. , 

2017 ; and Broman and Shum, 2018 ), quoted spreads for 

US equity ETFs are usually wider than those of their un- 

derlying holdings. Only when ETFs are large relative to 

the size of their portfolios do transaction costs favor the 

fund. 

3.3.2. Cumulative midpoint returns 

To better understand the price behavior of ETFs and 

their underlying securities around arbitrage opportunities, 

we identify all of the bid-ask spread inferred mispricing 

events in our sample and cumulate the ETF and under- 

lying portfolio midpoint return after each minute begin- 

ning at t − 10 and extending through t + 30 . 21 Next, we 
21 We remove any observations that proceed another event by ten min- 

utes or less. Extreme mispricing events, Misp EB>UA 
t and Misp UB>EA 

t , are only 

excluded if there is another extreme mispricing event of the same direc- 
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Table 5 

Frequency of mispricing events across size categories. 

The following table reports the frequency of mispricing events, as well as the average quoted spreads from the end of each minute t , across fund and ETF 

size categories. All fund-minute observations are designated as M isp EB>UA 
t , M isp UA>EB>UM 

t , M isp U M>EA>U B 
t or Misp UB>EA 

t , in accordance with Fig. 2 , or classified 

as NoMis p t when none of these conditions is satisfied. 

Frequency 

Average Quoted Spread in 

Basis Points 

N Arb EB>UA 
t Arb UA>EB>UM 

t NoAr b t Arb U M>EA>U B 
t Arb UB>EA 

t Und ETF 

All Observations 94,305,900 0.86% 3.69% 91.02% 3.63% 0.79% 12.4 19.3 

Small ETF 58,886,490 0.85% 1.70% 95.04% 1.65% 0.76% 13.7 26.0 

Large ETF 35,419,410 0.88% 7.00% 84.34% 6.93% 0.85% 10.4 8.2 

Small Underlying 58,121,310 0.83% 4.24% 89.95% 4.19% 0.78% 16.3 21.4 

Large Underlying 36,184,590 0.91% 2.80% 92.75% 2.73% 0.81% 6.2 16.0 

Small Und/Small ETF 41,385,630 0.80% 2.09% 94.33% 2.04% 0.74% 16.8 26.5 

Small Und/Large ETF 16,735,680 0.91% 9.56% 79.12% 9.53% 0.89% 15.2 8.8 

Large Und/Small ETF 17,500,860 0.97% 0.76% 96.72% 0.73% 0.81% 6.4 24.9 

Large Und/Large ETF 18,683,730 0.85% 4.71% 89.02% 4.60% 0.82% 6.0 7.6 

Fig. 3. Average midpoint returns around arbitrage opportunities 

This figure shows the average midpoint returns for ETFs and constituents in a 40-minute window around arbitrage. Each panel presents average midpoint 

returns based on the size of the ETF and the underlying. The results are partitioned using the four mispricing conditions described in Fig. (2). 

 

 

 

 

 

 

calculate the average cumulative midpoint return for each

event-window-minute across all observations within a par-

ticular size category and then winsorize the variable at

the 1st and 99th percentiles. When these minute-by-

minute averages are depicted in Fig. 3 , several results be-

come clear. Except for Panel B, where the ETF is large rela-
tion in the prior ten minutes. Partial mispricing events, Misp UA>EB>UM 
t and 

Misp U M>EA>U B 
t , are excluded if there is another partial or extreme mispric- 

ing event of the same direction in the prior ten minutes. 

1088 
tive to its holdings, the figure suggests mispricing events 

center around the arrival of information relevant to un- 

derlying security values. The portfolio’s cumulative returns, 

represented by the dotted line, experience persistent de- 

clines (increases) during event windows where ETFs be- 

come overvalued (undervalued). Following a price shock to 

constituent prices during the first ten minutes, the port- 

folio stays at this new level for the remaining thirty min- 

utes of the event window. Thus, these substantial adjust- 

ments to portfolio prices are not, on average, transient 
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deviations from fundamental values. While this effect is

strong for extreme mispricing ( Misp EB>UA 
t and Misp UB>EA 

t ),

it also holds in cases of partial mispricing ( Misp UA>EB>UM
t 

and Misp U M>EA>U B 
t ), especially for Small ETFs. 

The sole exception to this behavior, when the ETF is

large relative to the value of constituents (i.e., Panel B),

fluctuations in the price of the underlying do not persist

through the end of the event window. For these cases,

which represent 17.75% of the sample’s observations, ar-

bitrage opportunities are less likely to be associated with

material information about the underlying holdings. Ac-

cording to Table 5 , this is the only size classification where

transaction costs are lower in the ETF than in the un-

derlying securities. Therefore, as suggested by Charupat

and Mui ( 2011 ), Malamud (2016) , Israeli et al. (2017) , and

Broman and Shum (2018) , the superior liquidity of these

ETFs might attract short-term traders that could introduce

noise into the prices for constituent securities. 

Fig. 3 is informative regarding this proposition as it al-

lows us to compare the timing of price adjustments be-

tween an ETF and its constituent securities. First, we see

that the 40-minute event window provides enough time to

observe total convergence between the fund’s price, repre-

sented by the solid line, and that of its portfolio. In three of

the four size classifications, we also observe that the value

of the underlying securities begins moving several minutes

before the arbitrage opportunity materializes. Meanwhile,

the ETF price does not begin adjusting to new information

about the constituent securities until t + 1 . As before, we

observe different behavior when the ETF is large relative to

the underlying portfolio. Here, the fund’s price shifts sev-

eral minutes before the arbitrage event. Furthermore, the

prices of constituent securities appear to follow those of

the ETF, at least temporarily, before the fund and portfolio

shift back towards their t − 10 values. Thus, for the Small

Underlying and Large ETF case, Fig. 3 provides some evi-

dence that short-term fluctuations in ETF prices could in-

troduce noise into their underlying portfolios. Yet, for all

other size classifications, we observe persistent shocks to

the constituent securities with ETF price adjustments lag-

ging by several minutes. 

One remaining empirical detail visible in each of the

cases described by Fig. 3 is the peculiar short-term re-

versal in ETF midpoint returns between minutes t − 1 and

t + 1 . To better understand this result, we also provide the

sample-average cumulative bid and ask returns around ar-

bitrage opportunities in Fig. 4 . The top and bottom of each

vertical line represent the average path of the best offer

and bid price, respectively, and the horizontal dash in the

center represents the average path of the midpoint. 

For the underlying securities, the bid and ask prices ad-

just smoothly and symmetrically to the arrival of new in-

formation during the minutes preceding an arbitrage op-

portunity. Conversely, the adjustment process is less bal-

anced for the ETF’s quotes. In Panel A, negative information

lowers the prices of constituent securities and, at t + 1 ,

the ETF’s best offer price begins to fall as expected. For

bid prices, however, we observe a sharp increase during

minute t that temporarily pushes up midpoint prices. Here,

the market appears to temporarily offer liquidity to ETF

sellers at favorable prices before adjusting quotes down-
1089 
ward to reflect new information about the constituent se- 

curities. We observe a similar pattern in Panel B, except 

that ETF bid prices adjust smoothly while offer prices fluc- 

tuate. In either case, these asymmetrical shifts in quoted 

prices could arise from conditioning our graphical anal- 

ysis on arbitrage opportunities. Had the quotes adjusted 

smoothly and symmetrically, instead, the arbitrage oppor- 

tunity would never materialize. Regardless, the overall be- 

havior shown in Fig. 4 is still consistent with hedging on 

the part of liquidity providers, whereby aggressive price 

quotes for the ETF might serve to offset liquidity provision 

in the underlying securities. 

3.3.3. On-balance volume 

Next, we explore the effects of directional trading 

around arbitrage opportunities. While the results in the 

previous section suggest mispricing events are the result 

of an information shock to the underlying portfolio, study- 

ing the flow of marketable orders for the ETF and its un- 

derlying securities allows us to determine whether buying 

or selling pressures are also consistent with informed trad- 

ing in the portfolio. In Fig. 5 , we report on-balance volume 

for the ETF and its constituents during the same 40 min 

event windows depicted in Fig. 3 . To calculate on-balance 

volume, we cumulate V olDi f f Ra w t , defined in Eq. (2) , after 

each minute from t − 10 through t + 30 and then winsorize 

at the 1st and 99th percentiles. Then, we take the av- 

erage event-window-minute on-balance volume across all 

observations within a particular size category. Once again, 

we observe a consistent pattern for all three size classi- 

fications where the size of the ETF is not large relative 

to its constituents. Specifically, we find persistent buying 

or selling pressure in the underlying portfolio during the 

minutes immediately surrounding the arbitrage event, fol- 

lowed by relatively balanced trading during the remain- 

der of the event window. Therefore, the underlying price 

shocks highlighted in Fig. 3 appear to be impounded by 

informed directional trading in the constituent securities. 

Conversely, on-balance volume for the ETF flows in the op- 

posite direction as midpoint prices throughout the event 

window. Here, marketable ETF buy orders arrive more fre- 

quently as midpoint prices fall, whereas the intensity of 

ETF sell orders increases with rising prices. 

For these situations where the underlying portfolio ex- 

periences a persistent price shock, marketable order flow 

can be classified as informed or uninformed depending 

on whether the direction of trading is consistent with the 

ETF or portfolio’s return. Negative price shocks are accom- 

panied by informed marketable sell orders for the con- 

stituents executed below the midpoint. Thus, for liquid- 

ity providers, negative price shocks lead to buildup of in- 

ventory in the underlying securities. As exposure to the 

portfolio rises, liquidity providers might choose to offset 

their position by selling shares of the ETF. From Fig. 3 and 

Fig. 5 , lowering the offer price for ETF shares encourages 

uninformed marketable orders and reduces the number of 

fund shares in the liquidity providers’ inventory. Thus, a 

series of mispricing events associated with negative price 

shocks would lead to an accumulation of constituent secu- 

rities held by liquidity providers. Similarly, repeated posi- 

tive shocks would lead to a buildup in ETF shares. Should 
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Fig. 4. Cumulative bid and ask returns around arbitrage opportunities 

This figure presents cumulative bid and ask returns for ETFs and constituents in the 45-minute window around arbitrage, classified using the two clear 

arbitrage opportunities presented in Fig. 2 (i.e., when the ETF bid exceeds the underlying ask or when the underlying bid exceeds the ETF ask). 

 

 

 

 

 

 

 

 

 

 

their inventories become large enough, liquidity providers

could sell their accrual of constituent securities or fund

shares in the ETF’s primary market. 

For the Small Underlying and Large ETF subsample, we

observe less informed trading in the underlying portfolio

and almost no evidence of liquidity provider hedging in

the ETF. Here, transient shocks to the price of the ETF co-

incide, rather weakly, with fluctuations in ETF order flow.

Yet, on-balance ETF volume returns to zero by the end

of the window. Thus, it is difficult to determine why ETF

prices adjust to create arbitrage opportunities in these sit-
1090 
uations. Furthermore, cumulative order imbalance for the 

constituents is negative when Misp EB>UA 
t , but roughly zero 

when Misp UB>EA 
t . Therefore, it is difficult to draw conclu- 

sions about whether trading in portfolios of small securi- 

ties is influenced by short-term price fluctuations in larger 

ETFs. 

3.3.4. Stochastic jumps 

While the arbitrage mechanism proposed in prior stud- 

ies requires some divergence between fund and underlying 

values, our graphical results suggest that these mispricing 

events are usually preceded by persistent shocks to con- 
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Fig. 5. Average on-balance volume around arbitrage opportunities 

This figure shows the average on-balance volume for ETFs and constituents in a 40-minute window around arbitrage. Each panel presents average on- 

balance volume based on the size of the ETF and the underlying. The left (right) axis corresponds to the underlying (ETF). The results are partitioned using 

the four mispricing conditions described in Fig. 2 . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

stituent prices. At the same time, the very existence of

arbitrage opportunities may signal unusual market condi-

tions (e.g., limits-to-arbitrage, such as a lack of available

arbitrage capital), which limit the generalizability of the

results. As an alternative, we examine stochastic jumps in

the returns of both ETFs and their constituent securities.

Based on the jump identification measure developed by

Lee and Mykland (2008) , we use the prior fifteen days of

1 min return volatility to test the null of a diffusion pro-

cess for each fund and portfolio. 22 Across our entire sam-

ple we find that 0.27% of 1 min underlying returns contain

a jump, compared with 0.39% of ETF observations. 23 

With these jump events centered at t = 0 , average cu-

mulative midpoint returns are depicted in Panel A of

Fig. 6 . During the minutes surrounding underlying port-

folio jumps, pictured on the left side of Fig. 6 , average

fund and constituent cumulative returns overlap almost

perfectly whether the shock is positive or negative. Con-

versely, ETF jumps, depicted on the right side, are antic-

ipated by small price changes in the underlying securi-

ties on average. While cumulative fund returns are slightly

larger in magnitude than those of the portfolio following

ETF jumps, price changes persist for the remaining thirty

minutes of the event window in all four cases. Thus, fund
22 See Appendix F for a discussion of stochastic jumps and the Lee and 

Mykland (2008) jump detection measure. 
23 Given the volatility inherent in the opening auction, we exclude the 

first 15 minutes of each trading day both as a candidate for a jump and 

in the estimation of prior volatility. 

1091 
and constituent price shocks are not, on average, transient 

deviations from fundamental values in our sample. 

As with our graphical analysis conditioned on mispric- 

ing events, the paths of average on-balance volume de- 

picted in Fig. 6 are consistent with liquidity providers 

hedging their exposure to informed trading in the under- 

lying shares. Similar to our examination of arbitrage op- 

portunities, our analysis of stochastic jumps provides little 

evidence that ETF shocks are transmitting noise into their 

portfolios. 24 

4. Daily analysis 

To this point, our analyses have been predicated on the 

search for an intraday arbitrage mechanism whereby non- 

fundamental ETF demand shocks are transmitted to con- 

stituent security prices. It is possible, however, that any 

trading process propagating shocks from funds into their 

holdings occurs at lower frequencies than we have ana- 

lyzed thus far. Previous studies have primarily examined 

such transmissions across days or months, not minutes or 

hours. Expanding our analysis beyond intraday trading also 

allows us to incorporate other potential sources of nonfun- 

damental disruption, such as ETF share creations and re- 

demptions or end-of-trading discounts and premiums. 
24 We repeat this analysis using big returns instead of stochastic jumps. 

We define a big return as one that is larger in absolute value than three 

times the prior 15 days’ 1-minute return standard deviation. We find 

1.80% (1.55%) of underlying portfolio (ETF) returns to be big. Our results 

are qualitatively similar to those reported in Fig. 6 . 
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Fig. 6. Average midpoint returns and on-balance volume around stochastic jumps in ETF returns 

This figure shows the average midpoint returns and on-balance volume for ETFs and constituents in a 40-minute window around stochastic jumps in either 

the fund or the underlying. Panel A shows midpoint returns. Panel B shows on-balance volume. The left (right) axis corresponds to the underlying (ETF). 

Stochastic jumps are identified for both funds and their underlying portfolios using the Lee and Mykland (2008) jump detection measure using the prior 

15 days of minute-by-minute returns. See Appendix F for a discussion of the measure and its calculation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For most traders, arbitrage profits could be realized

by entering into, then later reversing, opposing positions

through the secondary market for fund and constituent

shares. What makes ETFs unique is that a subset of

potential arbitrageurs, APs, can choose to unwind their po-

sitions in the primary market by creating or redeeming

shares directly with the fund sponsor. To measure this

form of primary market activity, we collect total shares

outstanding, ShrOu t d , from Bloomberg for each fund at the

end of every trading day, d, in our sample. We analyze

daily percentage changes in shares outstanding, �ShrOu t d ,

after performing a symmetric log transformation similar to

what is described in Eqs. (1) and (3) . 

Regardless of whether arbitrageurs would seek to un-

wind their positions in primary or secondary markets,

some divergence in ETF and constituent prices must oc-

cur to incentivize their activity. In Fig. 2 , we show four

situations where intraday mispricing between a fund and

its holdings might provide opportunities to earn arbitrage

profits. The following summation, across all intraday peri-

ods t , captures the persistence of these opportunities dur-

ing the trading day d: 

MispSumRa w d = 

∑ 

t 

[(
2 × Misp EB>UA 

t 

)

+ 

(
1 × Misp UA>EB>UM 

t 

)
+ 

(
−1 × Misp U M>EA>U B 

t 

)
+ 

(
−2 × Misp UB>EA 

t 

)]
. (5)

Values for MispSumRa w d that differ from zero suggest

the prevalence of mispricing events throughout the day.

Positive (negative) values indicate the persistence of ETF

overpricing (underpricing). 

Lastly, arbitrageurs can participate in secondary mar-

kets by posting orders for ETF and underlying shares on
1092 
several different stock exchanges and dark pools through- 

out the day. However, shares can also be bought and sold 

in centralized closing auctions hosted by each security’s 

primary listing exchange during the conclusion of trading. 

The constituent prices determined by these auctions are 

often used by fund sponsors to calculate an ETF’s reported 

NAV. The deviation between this value and the fund’s own 

closing price is described by the widely disseminated daily 

discount or premium. Most previous studies examining ETF 

and portfolio dynamics rely on these daily reported values 

to quantify mispricing and infer intraday arbitrage oppor- 

tunities. Therefore, we also examine, after performing an- 

other symmetric log transformation, each fund’s daily basis 

point discount or premium, DiscP re m d , based on ETF clos- 

ing prices and their reported NAVs collected from CRSP. 

4.1. Panel vector autoregression analysis 

We begin our lower-frequency analysis of ETF and con- 

stituent trading dynamics by expanding the PVAR frame- 

work described in Eq. (4) to include the summation of in- 

traday mispricing, the daily change in shares outstanding, 

and reported basis point discounts or premiums. Ret Und 
d 

is 

the percentage change in ETF closing NAV from day d − 1 

through day d. Ret ET F 
d 

is the CRSP daily ETF return for day 

d. The calculation of daily order imbalance, V olDi f f d , is 

similar to what is described by Eqs. (1) , (2) , and (3) , except 

that V olDi f f Ra w d is calculated in percentage terms instead 

of basis points and cumulated throughout the day. 

Summary statistics for each time series included in Y f d 

are reported in Table 6 . Even though the summation of in- 

traday fund mispricing is slightly positive on average, at 

0.137, the median MispSu m d is exactly zero. Likewise, we 

observe no strong tendency in the deviation between an 

ETF’s closing price and its reported NAV, as the 1st and 
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Table 6 

Summary statistics for daily analysis. 

Ret Und 
d 

represents the percentage change in ETF NAV from day d − 1 through day d. Likewise, Ret ETF 
d 

, represents the daily ETF return reported in CRSP on 

day d. VolDi f f Und 
d 

and VolDi f f ETF 
d 

measure the total daily difference between buy and sell volume for the underlying securities and ETF shares, respectively. 

All four variables are reported in percentage terms and symmetrically logged. �ShrOu t d and MispSu m d are symmetrically logged percentage change in ETF 

shares outstanding and logged daily sum of mispricing events, respectively. DiscPre m d is the symmetrically logged percent deviation in ETF price from NAV 

as reported by CRSP at the close of day d, reported in symmetrically logged basis points. The sample includes all funds included in our intraday sample, 

as described in Section 2. 

N Mean P1 P10 P25 P50 P75 P90 P99 

Ret Und 
d 

241,341 0.026 -1.91 -1.03 -0.52 0.08 0.58 0.99 1.85 

Ret ETF 
d 

241,679 0.030 -1.86 -1.01 -0.51 0.08 0.58 0.98 1.81 

VolDi f f Und 
d 

241,498 0.020 -2.18 -1.50 -1.00 0.02 1.02 1.55 2.37 

VolDi f f ETF 
d 

236,671 0.682 -4.61 -3.98 -2.84 2.04 3.70 4.30 4.61 

MispSu m d 241,688 0.137 -4.45 -2.94 -1.61 0.00 1.95 3.04 4.45 

�ShrOu t d 219,943 0.033 -1.926 0.000 0.000 0.000 0.000 0.350 2.097 

DiscPre m d 241,688 0.027 -4.606 -3.020 -2.063 0.079 2.061 2.916 4.536 

Fig 7. Daily cumulative impulse response functions 

This figure depicts the cumulative impulse response functions (IRF) after expanding the PVAR framework introduced in Eq. (4) to a daily setting. These IRFs 

describe each dependent variable’s evolution following a one standard deviation shock in the associated impulse variable. The seven variables included are 

Ret Und 
d , Ret ET F 

d , VolDi f f 
Und 
d , and VolDi f f 

ET F 
d , as in Fig. 1 , and MispSu m d , �ShrOu t d , and DiscPre m d , as defined in Table 6 . Confidence intervals, 97.5% and 

2.5%, are denoted by dotted lines. 

 

 

 

 

 

 

 

 

 

V

99th percentile DiscP re m d values are -4.6 and 4.5 bps, re-

spectively. There appears, however, to be some asymmetry

in �ShrOu t d , with the frequency of share creations exceed-

ing that of redemptions by at least a small margin. 

Fig. 7 depicts ten-day cumulative IRFs derived from

a PVAR specification, where Y f d is a ( 1 × 7 ) vector of

dependent variables. Out of 49 possible impulse and re-

sponse combinations, we focus on those relevant to the

transmission of shocks from ETFs to their underlying port-

folios with the IRF of underlying return shocks included
1093 
in the first row as a point of comparison. The IRFs in 

Fig. 7 describe the ten-day reactions of Ret Und 
f d 

, Ret ET F 
f d 

, 

 olDi f f Und 
f d 

, and V olDi f f ET F 
f d 

after a unit shock to Ret Und 
f d 

, 

Ret ET F 
f d 

, V olDi f f ET F 
f d 

, MispSu m f d , �ShrOu t f d , or DiscP re m f d 

when d = 0 . 

Along the top row of Fig. 7 , we see a modest reversal in 

constituent returns following a unit shock to Ret Und 
f d 

and an 

increase in Ret ET F 
f d 

between 32% and 37% during the subse- 

quent days. A positive shock to Ret ET F 
f d 

also results in a re- 
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Table 7 

Daily panel vector autoregression forecast-error variance decomposition. 

This table presents the fraction of forecasted error variance explained by exogenous shocks to impulse variables after ten days. The seven variables in- 

cluded are Ret Und 
d 

, Ret ETF 
d 

, V olDi f f Und 
d 

, and V olDi f f ETF 
d 

, as in Fig. 1 and MispSu m d , �ShrOu t d , and DiscPre m d , as defined in Table 6 . Shocks are orthogonalized 

from top to bottom in the order presented. 

Response Variable 

Ret Und 
d 

Ret ETF 
d 

VolDi f f Und 
d 

VolDi f f ETF 
d 

MispSu m d �ShrOu t d DiscPrem 

Impulse 

Variable 

Ret Und 
0 99.93% 77.82% 1.62% 0.71% 0.15% 0.31% 0.32% 

Ret ETF 
0 0.02% 21.33% 0.00% 0.90% 0.14% 0.17% 30.96% 

VolDi f f Und 
0 0.02% 0.01% 98.32% 0.11% 0.02% 0.04% 0.05% 

VolDi f f ETF 
0 0.00% 0.01% 0.03% 97.47% 1.64% 1.27% 3.10% 

MispSu m 0 0.00% 0.00% 0.00% 0.19% 97.70% 0.10% 0.07% 

�ShrOu t 0 0.01% 0.00% 0.01% 0.17% 0.11% 97.74% 0.22% 

DiscPre m 0 0.01% 0.83% 0.02% 0.44% 0.24% 0.36% 65.29% 
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versal in the ETF return but, consistent with our intraday

results, we see almost no response in Ret Und 
f d 

. While point

estimates for the response range between 3% and 6%, these

values are only statistically significantly different from 0 on

day two of the ten-day window. 

Examining the other four variables for evidence of noise

transmission from ETFs to their portfolios, we see that

shocks to ETF order flow, intraday mispricing, primary

market activity, and daily discounts or premiums are only

correlated with future trading, not returns, in the under-

lying and ETF. Thus, any demand shocks associated with

these four variables do not appear to cause nonfundamen-

tal disruptions in market prices. 

For a more deliberate evaluation of these causal links,

we turn to another FEVD analysis of our estimated param-

eters. Within Y f d , the sequencing of each time series is

such that shocks to MispSu m f d , �ShrOu t f d , and DiscP re m f d

are orthogonalized relative to the instantaneous impacts

of Ret Und 
f d 

, Ret ET F 
f d 

, V olDi f f Und 
f d 

, and V olDi f f ET F 
f d 

. The contri-

butions of an impulse variable to the forecast-error vari-

ance of each response variable, after ten days, are given in

Table 7 . 

Consistent with our intraday FEVD analysis, we find al-

most no evidence that independent shocks to ETF returns

or order imbalances impact future price changes or trad-

ing in their underlying securities. Furthermore, as presaged

by Fig. 7 ’s IRFs, orthogonalized shocks to intraday mispric-

ing, shares outstanding and daily discounts or premiums

have no association with future innovations in Ret Und 
d 

or

 olDi f f Und 
d 

. Finally, while our results imply that future ETF

prices respond to potentially simultaneous shocks in their

underlying portfolios, independent fund shocks do not af-

fect their constituents reciprocally during later periods. Al-

together, the five potential sources of nonfundamental dis-

ruption we consider in Table 7 appear to have little effect

on subsequent portfolio returns and trading. 

5. Conclusion 

Recent studies suggest that ETFs may attract short-term

traders that introduce noise in their underlying securi-

ties prices through the arbitrage mechanism. As traders

take opposing positions in the ETF and underlying shares,

price pressures resulting from ETF demand may extend to

the constituent securities. Using a sample of 423 passively
1094 
managed US equity funds between 2006 and 2015, we di- 

rectly examine this proposition by examining the minute- 

by-minute relation between the returns and order imbal- 

ances of ETFs and their constituent securities. Intraday im- 

pulse response functions and forecast error variance de- 

compositions generated from a panel vector autoregression 

suggest ETF returns and order imbalance have little to no 

impact on underlying returns. Conversely, we find ETF re- 

turns follow underlying returns. 

Identifying intraday arbitrage opportunities between 

ETFs and the constituents, we find little evidence that ar- 

bitrage opportunities precede trading in the underlying. In- 

stead, arbitrage opportunities are initiated by shocks to the 

underlying and subsequently corrected through updates in 

the best bid and offer quotes. Thus, while we observe 

quote adjustments in response to price discrepancies, we 

find limited evidence of arbitrage trading. Additionally, our 

results indicate that bid-ask spreads remain steady during 

arbitrage opportunities. Not only are we unable to docu- 

ment arbitrage in the face of mispricing, we also find no 

evidence that the convergence of prices removes liquidity 

from the market. 

After expanding our analysis beyond intraday trading 

to consider primary activity and other possible sources 

of nonfundamental disruption, we find little evidence that 

trading in the ETF propagates into the underlying. Daily 

PVAR results show constituent security returns are unaf- 

fected by shocks to ETF demand, intraday mispricing, pri- 

mary market activity and daily discounts or premiums. An- 

other FEVD analysis of our estimated parameters reveals 

almost no evidence that independent shocks to ETF returns 

or order imbalances impact future price changes or trading 

in their underlying securities. 

In total, our results stand in sharp contrast to recent 

studies suggesting that ETF shares serve as a shock prop- 

agation channel that allows temporary demand shocks to 

leave an enduring impact on constituent security prices. 

In fact, our results suggest that in the presence of an in- 

formation event in the underlying, ETF trading may help 

shield the portfolio from demand shocks by offsetting liq- 

uidity provision in the underlying securities. 
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