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Abstract

We investigate the effect of exchange-traded fund (ETF) liquidity
on ETF tracking errors, returns, and volatility in the US. We find 
that illiquid ETFs have large tracking errors. The effect is more 
pronounced when underlying assets are less liquid. Returns and 
liquidity of illiquid ETFs are more sensitive to underlying index 
returns or ETF market liquidity, or both. Thus, a positive liquidity 
premium exists in US ETF markets. The ETF variance could be larger 
than its net asst value variance owing to infrequent trading. In 
summary, illiquid ETFs are more likely to deviate from their 
underlying indexes and could be riskier than underlying portfolios.



Part 1 Introduction



The development of US ETF market(background)

• US exchange-traded 
funds (ETFs), introduced 
in 1993,have grown 
significantly in recent 
years. At the end of 2016, 
their market size was 
about $3 trillion, 
accounting for nearly 
30% of the dollar trading 
volume and 23% of the 
share volume in US stock 
markets. 



• ETFs have grown to become the most popular asset class for many institutional and 
individual investors. Despite such rapid growth, most of the money flowing into ETFs is 

concentrated in a few well-known ETFs. 

• For example, at the end of 2012, the top three (ten) ETFs accounted for 46.7% (61.5%) of the 
total ETF dollar trading volume (Figs. 1–3). In addition,the assets under management (AUM) 

of the top 10 ETFs accounted for 36% of the total AUM in the US ETF market.



• The lack of liquidity in non-popular ETFs could prevent market 
makers from developing proper markets and, consequently, 
increase transaction costs for ETF investors. 

• This study sheds light on secondary market liquidity issues by 
examining how ETF liquidity affects the price formation of ETFs, 
especially relative to their benchmark indexes or net asset values 
(NAVs).



ETF (Exchange-traded fund) ***

• An exchange-traded fund (ETF) is a type of investment fund and exchange-traded product, i.e. they 
are traded on stock exchanges.

• ETFs are similar in many ways to mutual funds, except that ETFs are bought and sold throughout the 
day on stock exchanges while mutual funds are bought and sold based on their price at day's end.

• An ETF holds assets such as stocks, bonds, currencies, and/or commodities such as gold bars, and 
generally operates with an arbitrage mechanism designed to keep it trading close to its net asset 
value, although deviations can occasionally occur.

• Most ETFs are index funds: that is, they hold the same securities in the same proportions as a certain 
stock market index or bond market index. The most popular ETFs in the U.S. replicate the S&P 500 
Index, the total market index, the NASDAQ-100 index, the price of gold, the "growth" stocks in the 
Russell 1000 Index, or the index of the largest technology companies.

• With the exception of non-transparent actively managed ETFs, in most cases, the list of stocks that 
each ETF owns, as well as their weightings, is posted daily on the website of the issuer.

• ETFs may be attractive as investments because of their low costs, tax efficiency, and tradability.



ETF ***

• Costs

• Since most ETFs are index funds, they incur low expense ratios because they are not 
actively managed. An index fund is much simpler to run, since it does not require security 
selection, and can be done largely by computer.

• Taxation

• ETFs are structured for tax efficiency and can be more attractive tax-wise than mutual funds.

• Unless the investment is sold, ETFs generally generate no capital gains taxes, because they 
typically have low turnover of their portfolio securities. While this is an advantage they share 
with other index funds, their tax efficiency compared to mutual funds is further enhanced 
because ETFs do not have to sell securities to meet investor redemptions.

• Trading

• ETFs can be bought and sold at current market prices at any time during the trading day, 
unlike mutual funds and unit investment trusts, which can only be traded at the end of the 
trading day.



TYPES of ETF ***

• Index ETFs

• Commodity ETFs

• Currency ETFs

• Actively managed ETFs

• Inverse ETFs

• Leveraged ETFs

Risks of ETF ***

• Tracking error

• Liquidity risk

• Risks of Synthetic ETFs

• Counterparty risk

• Effects on price stability



• Exchange-Trade Funds
• Shares float / Trade 

• Close-End Funds
• Shares fixed / Trade

• Open-End Funds
• Shares float /  Trade 



• This unique structure results in the existence of two prices for a 
single asset: one is ETF market prices determined on stock 
exchanges and the other is its NAV calculated based on the value 
of underlying securities. 

• Intuitively, a no-arbitrage condition implies that the daily ETF 
returns and the NAV returns must be identical. 

• However, various factors can widen the gaps between them. 

• This study is interested in the secondary market liquidity, which 
could affect the ETF returns and volatility, as well as ETF tracking 
errors.



AP - authorized participants

• ETFs are fundamentally similar to, but are not, mutual funds.

• They are structured, managed, and regulated just like traditional mutual funds.

• Different from conventional open-ended mutual funds, ETFs are traded continuously on 
regular exchanges, like regular stocks are. 

• In addition,ETFs are similar to closed-end funds (CEFs) in that they are traded on exchanges.

• Unlike CEFs, the total number of shares can be increased or decreased depending on market 
demand and supply. 

• In other words, ETFs are designed to combine the creation and redemption process of 
open-end funds with the continuous trading of the CEFs.

• These characteristics form the crucial mechanism that enables the facilitation of arbitrage
between the ETF and its underlying assets. 

• The arbitrage activities of authorized participants (APs), who are responsible for creating 
or redeeming ETF shares or constructing the underlying ETF portfolios, should eliminate the 
ETF return deviations from its NAV returns.

• This arbitrage mechanism can be limited if either ETFs or the underlying assets are less liquid.



• The lack of liquidity in the underlying assets can result in tracking errors 
because low liquidity in underlying assets could discourage APs from 
replicating the index at the time of trading the basket securities. 

• Moreover, the lack of liquidity in ETF securities causes a mispricing 
problem for its NAV or index returns, because arbitrage activities must take 
place simultaneously on both ETF and underlying asset markets. 

• When the ETF is less liquid, APs could find difficult trading at desired prices 
at the time of setting arbitrage positions or profit realization through 
unwinding. 

• In this situation, APs could be reluctant to actively engage in arbitrage 
trading for low liquidity ETFs, or they could require additional returns even 
when available for arbitrage trading. 

• As a result, APs can strategically wait for a tracking error (i.e., large 
arbitrage opportunity) to widen or increase the bid-ask spread to meet the 
additional required return on risk. 

• This situation can cause investors to pay higher transaction costs and, thus, 
should lead to a case in which the elimination of the tracking error is delayed. 



The effect of ETF liquidity on tracking errors
• We present evidence that tracking errors and ETF illiquidity are positively related at both daily 

and yearly levels. 

• In particular, our empirical results show that various ETF illiquidity measures have consistently 
positive relations with ETF tracking errors. 

• We further test the causal link from illiquidity to tracking errors by exploiting liquidity shocks of 
threshold stocks as an instrumental variable. According to Evans et al. (2017), failures-to-deliver 
(FTDs) are associated with liquidity changes, and excessive consecutive FTDs could force ETFs to 
be threshold stocks when accompanied by liquidity shocks. 

• Our empirical analysis confirms that the instrumental variable regressions with various liquidity 
measures show a causal link between ETF illiquidity and ETF tracking errors.

• We also examine the effect of ETF illiquidity on EF tracking errors depending on how ETFs are 
structured.

• Our empirical analysis shows that tracking errors of the in-kind type of ETFs are less sensitive to 
ETF illiquidity than other types of ETFs are. 



The effect of ETF liquidity on tracking errors
• These results imply that ETF companies could choose the in-kind method strategically 

instead of the cash method when they are able to easily construct the assets of the index at 
the time of the fund inception. 

• We employ ETF portfolio holding data to examine the extent to which ETF illiquidity affects 
ETF tracking errors owing to liquidity differences in underlying assets.

• We select only non-leveraged US stocks-based ETFs to investigate the effects of underlying 
asset illiquidity and ETF illiquidity on the tracking errors. 

• We find that both underlying asset illiquidity and ETF illiquidity affect ETF tracking errors. 

• More important, the analysis confirms that illiquidity of ETFs investing in less liquid assets 
can have a greater impact on their tracking errors even if they hold the same asset classes of 
the same market. 

• In summary,our overall empirical results confirm that ETF illiquidity is a very important factor 
affecting ETF tracking errors.



The effect of ETF liquidity on returns

• Next, we investigate whether liquidity shocks to ETFs are priced based on the LCAPM of Acharya and 
Pedersen (2005). 

• We construct ten portfolios sorted by ETF liquidity or by various measures of tracking errors. 

• Consistent with the regression analysis, the sorted portfolios provide evidence that ETF illiquidity is 
positively related to ETF tracking errors. Moreover, the relations between ETF illiquidity and tracking 
errors are persistent over time. 

• We further estimate ETF liquidity betas to investigate whether any systematic risk factors associated 
with liquidity exist.

• The estimated results show that illiquid ETFs tend to reveal large absolute liquidity betas and have a 
positive liquidity risk premium. 

• In other words, illiquid ETFs returns tend to be more sensitive to either market liquidity or the market 
return. 

• In addition, using pre-estimated betas, we estimate the liquidity premium using the generalized 
method of moments (GMM). 

• The annualized return due to liquidity risk is approximately 0.14%, suggesting a positive liquidity 
premium in the ETF market.



The liquidity effect on volatility

• Finally, we examine whether infrequent trading affects ETF variance relative to the NAV variance, which 
is presumed to be the true variance of the ETF. 

• To examine the effect of secondary market liquidity on volatility, we extend the Lo and MacKinlay (1990) 
econometric model to derive ETF variance with respect to the NAV variance. 

• The difference between the ETF variance and NAV variance can be interpreted as volatility arising from 
the trading effect in the secondary market, in addition to the inherent risk arising from the underlying 
asset portfolios. 

• Considering the autocorrelation of the index return, we show that the non-trading probability is 
positively related to the increase in the ETF variance with respect to the NAV variance. 

• In other words, the derived equation shows that the ETF return variance can be expressed as the sum 
of the NAV return variance and the additional term caused by infrequent trading of the ETF security in 
the secondary markets. 

• Furthermore, our empirical analysis confirms that non-trading probability is positively related to the 
variance difference between ETF returns and NAV returns. 

• These results suggest that investors investing in illiquid ETFs could bear additional unnecessary risk 
arising from the secondary market trading instead of investing directly in underlying portfolios or 
similar mutual funds.



Literature

• Many previous studies show the effect of liquidity on asset returns and 
suggest that systematic liquidity risk is priced in asset returns.

• For example, Acharya and Pedersen (2005) develop a liquidity-adjusted 
capital asset pricing model (LCAPM) and find that individual asset returns 
are significantly affected by liquidity risk.

• Pastor and Stambaugh (2003) suggest that individual stock returns are 
affected by aggregate market liquidity, which is a cross-sectional average of 
the individual return reversals. 

• In addition to studies on the relations between asset returns and liquidity in 
US equity markets, numerous studies investigate the effect of liquidity on 
asset returns in other markets or asset categories: emerging markets (Bekaert 
et al., 2007), global markets (Lee, 2011), hedge funds (Getmansky et al., 2004; 
Sadka, 2010), initial public offering markets (Eckbo and Norli, 2005), and 
closed-end funds (Cherkes et al., 2009).



Literature

• Only a few studies analyze the effect of liquidity on ETFs, although the 
literature on ETFs is growing (Madhavan, 2014; Ben-David et al., 2017). 

• Related existing studies consider ETF pricing problems on the Flash Crash of 
May 6, 2010 (Borkovec et al., 2010; Madhavan, 2012),

• the interactions between the ETF market and the underlying securities 
markets (Cespa and Foucault, 2014;Bhattacharya and O’Hara, 2017; 
Dannhauser, 2017; Israeli et al., 2017; Ben-David et al., 2018; Da and Shive, 
2018),

• whether the ETF is priced efficiently with respect to its NAV or index (Elton et 
al., 2002; Engle and Sarkar, 2006),

• the relations between ETFs and traditional funds (Huang and Guedj, 2009; 
Barnhart and Rosenstein, 2010; Agapova,2011), 

• and the ETF investors’ behavior (Clifford et al., 2014;Wermers and Xue, 2015; 
Bhattacharya et al., 2017). 



Literature

• Only a few studies analyze the effect of ETF liquidity. 

• For example,Borkovec et al. (2010) report that a sharp increase in 
the bid-ask spread leads to failure of ETF price discovery during 
the Flash Crash. 

• Cespa and Foucault (2014) develop a theoretical model showing 
that the lack of liquidity in ETFs can lead to an increase in the 
uncertainty of the underlying securities, which results in a 
decrease in the liquidity of the corresponding ETFs. 

• To the best of our knowledge, no empirical studies cover the 
effects of liquidity on ETF returns and tracking errors 
comprehensively.



contribution

• In summary, the results of this research reveal that lack of ETF liquidity is 
related to its expected return and variance, as well as ETF tracking errors. 

• To the best of our knowledge, ours is the first comprehensive empirical 
study to examine the liquidity effects in the ETF market in relation to 
returns, risks, and tracking errors by using the entire US ETF market data. 
Extending the literature of liquidity effects on asset returns, this study shows 
that the liquidity of ETFs affects their returns or volatility. 

• In other words, the lack of liquidity in the ETF causes APs to increase the 
transaction costs for arbitrage trading, for failing to resolve the tracking 
errors immediately,and for failing to follow the index properly, thereby 
resulting in failure to meet the objectives of ETF investors.

• As a result, trading illiquid ETFs can increase the cost of market making and 
raise the transaction costs of ETF investors.



Structure of this paper

• Part 1. Introduction

• Part 2. Data and variables

• Part 3. The effect of ETF liquidity on tracking errors

• Part 4. The effect of ETF liquidity on returns

• Part 5. The liquidity effect on volatility

• Part 6. Conclusion



Part 2 Data and variables
The data used in this paper includes all ETFs listed on the major US stock 
exchanges from 1993 to 2012.



ETF data

• All ETFs that have ever been listed and traded on the major US stock 
exchanges. The country of domicile for each ETF is limited to the US at 
the inception date. The initial data also include all delisted ETFs that 
were traded in the US market during the sample period.

• Period: from 1993 to 2012.

• Source: 

• Bloomberg: daily historical prices for ETFs, NAVs, and the underlying 
indexes, as well as institutional details about the ETFs

• CRSP: ETF split information and the expense ratio

• Thomson 12D mutual fund holding data : ETF holding information



Sample exclude actively managed funds

• To investigate the effect of liquidity on the ETF returns and variances effectively, we exclude 
actively managed funds from the sample. Actively managed funds were first introduced in 
2008. 

• They are administered to achieve excess returns on the typical benchmark index by 
frequently buying or selling assets in the portfolio instead of passively following the index. 

• As a result, actively managed funds are more likely to deviate from their underlying index 
returns, because their portfolio composition weights change frequently. 

• Because the tracking errors of actively managed funds could be caused by 
management style, separating the effect of liquidity from the effect of management 
style on return and variance is difficult. 

• Therefore, excluding actively managed funds from the sample is reasonable for an analysis 
of the liquidity effect on return and variance.

• As a result, the final sample contains only index-based passive ETFs. We exclude ETFs 
that do not contain enough information about the traded prices, NAV, or underlying 
index. Details about the sample construction procedure are included in Appendix A, Table 
A1. Our final sample consists of 1,307 US-listed ETFs.



We restrict the data after 2002 for two reasons. 

• First,a sufficient number of ETFs to construct ten portfolios in Section 4 is not available 
before 2002. At the end of 2001, 101 ETFs were listed in the US market. Each portfolio could 
contain more than ten ETFs per year after 2001.

• Table 1 reports the annual breakdown of the sample by the number of funds initiated, 
delisted, and available at the end of the year, as well as the average market value, average 
trading volume, and average dollar trading volume. 

• As seen in Table 1 and Fig. 1, the number of funds and trading volume increase sharply after 
the early 2000s,and the number of ETFs traded in the US increases to 1,239 by the end of 
2012. Consequently, each portfolio in 2012 could have more than one hundred ETFs. 

• Second, the minimum tick size of the bid-ask spread reduces from 1/16to 1/100 in 2001. 

• The change in the minimum tick size is related to the exogenous shock to the liquidity. 

• Moreover,Fig. 1 shows a significant increase in the trading volume of the ETF market after 
2002, although there was a decrease after the 2007–2009 financial crisis. The increase in 
trading volume and the decrease in the bid-ask spread imply an important change in the 
liquidity measure. For these reasons, this study uses the data since 2002.







Liquidity measure

• The daily individual ETF liquidity is measured using the daily relative 
effective spread calculated from the NYSE Trade and Quote (TAQ) 
database.

• The effective half-spread is defined as the absolute difference 
between the quote midpoint and the corresponding trade price, that is,

• where pik,t is the traded price, mik,t is the quote midpoint, and nit is 
the number of trades at time k on day t for each security i.



• The relative effective spread is similar to the liquidity measure of “dollar cost 
per dollar invested” used in Acharya and Pedersen (2005, p. 386). 

• They normalize the Amihud illiquidity measure so as to be similar to the 
cross-sectional mean and variance of the effective half-spread reported in 
Chalmers and Kadlec (1998). 

• As a result, their liquidity measure is ultimately similar to the relative effective 
half-spread, which can be obtained directly from the TAQ data.

• An advantage of using the TAQ data is that the spread variables can be 
observed on a daily basis. 

• Examining the effect of liquidity on tracking errors is better using daily level 
measures than monthly-level measures because APs manage the ETF market 
through arbitrage activities, which affect tracking errors of ETFs on a daily 
basis. 

• Moreover,the daily liquidity measure is suitable for the leveraged or inverse 
ETFs, because the use of the monthly measure can cause a mechanical 
difference between the monthly realized return and the monthly holding 
return (Cheng and Madhavan, 2009; Tang and Xu, 2013).



Tracking errors

• ETF  NAV  INDEX  on daily and yearly
• To examine the effect of ETF liquidity on tracking errors, we examine the 

return differences between ETF and NAV, NAV and index, and ETF and index. 
• We calculate annual tracking errors for the three kinds of return 

differences and construct daily tracking errors using the absolute value 
of return differences.

• For the annual panel data analysis, yearly tracking errors are defined using 
the following two methods. 

• The first is regression analysis, in which the tracking error is defined as the 
absolute difference between one and the coefficient of the regression of two 
return series: ETF returns versus NAV returns(ETFNAV), NAV returns versus 
index returns(NAV-index), or ETF returns versus index returns(ETF-index). 

• The second is calculating the standard deviation of the return difference 
between the two return series.





Threshold ETF data

• When a stock is traded in the US market, the transaction should be settled three business 
days after the order is executed. An FTD occurs when a market participant does not deliver 
the underlying security he or she sold or does not meet his or her contractual obligation. 

• According to SEC Rule 203 of Regulation SHO, a stock is classified as a threshold stock if it 
has an aggregate FTD position over five consecutive settlement days with a registered 
clearing agency, with trading totaling ten thousand shares or more and amounting to at 
least 0.5% of the total outstanding shares of the issuer. 

• The event of listing as a threshold stock can trigger a liquidity shock to the corresponding 
stock because of the regulatory enforcement to close out FTDs and to forbid naked 
shorting (Boni, 2006; Fotak et al.,2014). To explain the causal effects of liquidity on tracking 
errors, we use a threshold stock listing as an instrumental variable.

• The SEC provides the FTD data on its website. The SEC requires exchanges to publish a 
threshold list on a daily basis, and we acquire these lists from the various listing exchanges. 
Threshold stocks are identified by CRSP Permnos after finding CUSIP codes in the FTD data 
by matching the ticker symbols of the FTD data with those of threshold data. Our data show 
that about 71.16% of ETFs are classified as a threshold stock at least once during the sample 
period.



Settlement Cycle ***

• Settlement Period—The Details

• The specific length of the settlement period has changed over time. For many years, the 
trade settlement period was five days. Then in 1993, the SEC changed the settlement period 
for most securities transactions from five to three business days—which is known as T+3. 
Under the T+3 regulation, if you sold shares of stock Monday, the transaction would settle 
Thursday. The three-day settlement period made sense when cash, checks, and physical 
stock certificates still were exchanged through the U.S. postal system.

• New SEC Settlement Mandate—T+2

• In the digital age, however, that three-day period seems unnecessarily long. In March 2017, 
the SEC shortened the settlement period from T+3 to T+2 days. The SEC's new rule 
amendment reflects improvements in technology, increased trading volumes and changes in 
investment products and the trading landscape. Now, most securities transactions settle 
within two business days of their trade date. So, if you sell shares of stock Monday, the 
transaction would settle Wednesday. In addition to being more aligned with current 
transaction speeds, T+2 could reduce credit and market risk, including the risk of default on 
the part of a trading counterparty.



Regulation SHO ***

• Regulation SHO is a set of rules from the Securities and Exchange 
Commission (SEC) implemented in 2005 that governs short sale 
practices. 

• Regulation SHO established "locate" and "close-out" 
requirements aimed at curtailing naked short selling and other 
practices.

• Naked shorting takes place when investors sell short shares that 
they do not possess and have not confirmed their ability to 
possess.



Part 3 The effect of ETF liquidity 
on tracking errors



• No-arbitrage conditions imply that three daily return series (ETF, NAV, 
and index returns) must be identical owing to arbitrage activities of APs 
in a frictionless market.

• These return differences can be caused by various factors, such as 
trading activities, product structures, underlying securities markets, and 
ETF market conditions. 

• A potential channel causing such return gaps is liquidity problems in 
the ETF market. Because the lack of liquidity in the ETF can lead to an 
increase in the cost of arbitrage activities of APs, it could prevent them 
from actively participating in the ETF market even if ETF prices deviate 
from their NAVs. 

• This section investigates whether liquidity is related to ETF tracking 
errors by using panel regression analysis.



Fig. 4 shows the cross-sectional 
relations between ETF and NAV 
returns (Panel A) and between 
NAV and index returns (Panel B). 

Each point represents the time 
series average daily return of 
each ETF from the inception 
date to the end of 2012 or the 
delisting date. 

The solid lines indicate the fitted 
regression lines between two 
return series, and the dotted 
lines are the 45-degree lines. 

Fig. 4 suggests that ETF returns 
can deviate from NAV returns 
even if ETF portfolios are 
managed precisely to mimic 
their underlying indexes.



Fig. 5 shows the return 
relations for SPDR S&P 500 
ETF Trust (SPY)

Incepted in 1993, the SPY, 
the oldest and the largest 
ETF in the US, tracks the 
performance of the S&P 500 
index.



Fig. 6 shows those for iShares MSCI 
Emerging Markets Index (EEM).

The EEM in Fig. 6 appears to have 
relatively larger tracking errors than the 
SPY does.

The EEM, one of the most popular 
international ETFs in the US, is 
designed to track the performance of 
the MSCI emerging market index.

Because the EEM physically holds 
emerging market stocks,EEM market 
prices could fail to reflect the changes 
in the underlying index immediately. 

In summary, both figures suggest that 
tracking errors in the ETF-NAV returns 
are more severe than those in the 
NAV-index returns.



The time series relations 
between return differences 
and illiquidity are illustrated in 
Fig. 7

Fig. 7 intuitively shows the 
relations between ETF 
illiquidity and the ETF’s 
tracking errors.



Panel regression

• This section formally tests the effect of ETF illiquidity on tracking 
errors using panel regressions. To this end, we estimate illiquidity 
and tracking errors at the daily or yearly frequency to investigate 
their relations.

• The main variable of interest is illiquidity, which is defined as the 
relative effective half-spread. Thus, high values of relative spread 
imply low liquidity.

• ETF prices are affected by both product structures (eg. invest in 
other countries, the replication methods) and ETF market 
conditions (eg. Illiquid).



• ETF market conditions: 

• AUM, dollar trading volume, underlying index return volatility, shares outstanding, and volatility of share 
growth. 

• Annual underlying index return volatility

• The log of the average annual dollar trading volume

• The logarithm of the average number of shares and the standard deviation of the share growth rate during 
the year.

• ETF characteristics (US-based)

• whether the underlying securities in the ETF baskets invested in US assets; 

• derivatives based: whether the ETF uses derivatives to replicate the underlying index return; 

• swap based: whether the ETF uses swaps to replicate the underlying index return; 

• futures available: whether the ETF has futures contracts based on it; 

• options available: whether the ETF has option contracts based on it; 

• leveraged funds: whether the ETF is leveraged or inverse; 

• expense ratio: the annual expense ratio of the ETF; 

• in-kind: whether the ETF is replicated physically; 

• and optimized: whether the ETF is replicated by optimizing the basket of securities.







Table 3 reports results from the pooled 
panel regressions of yearly tracking 
errors on the ETF illiquidity measure and 
other control variables.





The first three columns in Table 
5report the results for pooled daily 
panel regressions.

Strategic FTDs & Rule 203 204



Instrumental variable regression: Reg SHO threshold flag
• FTD

• Evans et al. (2017) report that etfs account for a significant portion of ftds in the US stock markets. They argue that 
market makers or aps can strategically decide ftds to reduce transaction costs when a demand shock occurs in the 
ETF security. 

• These strategic ftds are particularly effective for etfs with high creation fees or illiquid underlying basket securities.  
Strategic ftds enable aps to delay the creation process after they sell new etf shares to meet large order imbalances. 

• Despite the potential benefits of market making, the sec regulates large and persistent ftds. 

• The sec rule 203 of reg sho requires listing exchanges to classify a stock as a threshold stock if large ftds occur for 
five consecutive settlement days. When a security receives a threshold flag, it becomes subject to the mandatory 
closeout requirement and the pre-borrowing requirement. Aps must immediately close out of unsettled positions if 
ftds persist for 13 consecutive settlement days. Despite these requirements, ftds still increase before the 
amendment of the SEC rule in 2009. 

• In 2009, sec rule 204 required the reduction of its mandatory close-out requirement to four days for general 
traders and six days for market makers.23until all ftds that need to be delivered immediately are closed, aps cannot 
short sell threshold securities without borrowing.

• Such regulatory restrictions can result in exogenous liquidity shocks once etfs receive a threshold flag. Aps can 
strategically fail to deliver certain etfs for saving creation or redemption fees. 

.



• However, endogenous actions of aps perhaps do not apply to threshold 
securities, which force the regulatory enforcement of immediate close-out 
and pre-borrowing requirements and, thus, can increase their operating 
costs. 

• For example, an ap can short sell new etfs to meet order imbalances without 
borrowing or creating shares, but it could strategically fail to deliver etf
securities to save the costs. 

• If the security is classified as a threshold security, aps must create or 
purchase additional etf shares to close out failed positions because such 
strategic ftds are impossible. 

• The efforts of aps to resolve failed positions could lead to additional 
transactions or an increase in the number of etf shares, which, in turn,could
increase etf liquidity. Therefore, a threshold security flag would be a valid 
instrument that is associated with liquidity changes



According to Fig. 8, FTDs increase 
sharply before a threshold flag. 
This rapid increase is driven by 
sudden buying pressure or the 
strategic delay of ETF creation by 
APs. After a threshold flag, FTDs 
sharply decrease. This sharp 
decline is due to the close-out 
and pre-borrowing requirements 
imposed by Rule 203(b)(3) of 
Regulation SHO.

These two regulatory 
requirements bring about 
exogenous changes in ETF market 
liquidity, which we exploit to 
identify a causal link from ETF 
liquidity to tracking errors.



• We examine ETFs that are classified as threshold securities by using the threshold flag as an 
instrument for ETF liquidity shock.

• The first-stage estimation regresses daily liquidity measures (relative spread) on a dummy 
variable indicating a threshold flag along with other control variables used in the second-
stage regression. The estimation result of the first stage regression is

• where Threshold is a dummy variable indicating a Reg SHO threshold flag for a given ETF. 

• The first-stage regression includes day fixed effects, and standard errors are double-
clustered at the fund and day level. The estimated coefficient on Threshold is negative and 
significant, implying that the ETF listed as a threshold security experiences improved 
liquidity owing to bona fide market-making activities, which is consistent with Evans et 
al. (2017). 

• The first-stage regression result confirms that the instrument used in the analysis satisfies 
the relevance condition that the instrumental variable is correlated with the endogenous 
variable, namely, the ETF liquidity measure.

• The second-stage estimation regresses the dependent variable of tracking errors on the 
fitted liquidity estimated from the first-stage regression along with other control variables. 



Table 5 reports the results from 
the ordinary least squares (OLS) 
panel regressions for comparison 
without instruments (Columns 1, 2, 
and 3) and the second-stage 
estimation (Columns 4, 5, and 6).



Fund characteristics, underlying asset liquidity, and tracking 
errors
• Which ETF illiquidity affects tracking errors, depending on the creation or 

redemption method or replication strategy.

• Bloomberg categorizes ETFs into in-kind, cash, and cash and in-kind 
according to the create or redeem method and into full replication, 
optimized, and derivatives-used according to the replication strategy. 

• The creation or redemption method or the replication strategy could change 
the impact of ETF illiquidity on tracking errors. On the one hand, the effect of 
illiquidity should be stronger for ETFs with in-kind creation or redemption or 
full replication, because they have less choice of what and when to trade.

• On the other hand, to promote ease of trading and accounting process of 
APs,ETF companies can choose in-kind creation or redemption with full 
replication in the case of liquid underlying assets but cash-based creation or 
redemption in the case of illiquid underlying assets.



Table 6 reports the 
effects of ETF illiquidity 
and the interaction 
terms between ETF 
illiquidity and fund 
characteristics.

In these regressions, the main dependent variable is the tracking error between the ETF returns and the NAV 
returns, because we are interested in how ETF illiquidity affects the deviation of the former returns from the latter 
returns owing to the fund structures or characteristics.

the results show that ETFs with full replication are less likely to have tracking errors than are ETFs with optimized 
or derivatives replication.



Table 7 reports the 
regression results of 
illiquidity of the underlying 
portfolio and interactions 
with ETF illiquidity on ETF 
tracking errors. 

As a result, Table 7 
shows that ETF illiquidity 
is a very crucial variable 
affecting ETF tracking 
errors and that the 
lower the liquidity of 
underlying assets is, the 
greater the impact of 
ETF illiquidity on 
tracking errors is.



Part 4 The effect of ETF liquidity 
on returns
To formally test whether ETF liquidity is priced, we adopt the LCAPM 
developed by Acharya and Pedersen (2005)



Liquidity-adjusted asset pricing model

the conventional market beta

the relations between market liquidity 
and the individual asset liquidity 

between market liquidity and the 
individual asset return 

between individual asset liquidity 
and the market return



Portfolio construction

• We construct ten liquidity portfolios and ten tracking error 
portfolios to investigate the effect of liquidity on the ETF return.All
the ETFs are value weighted within each portfolio.

• The ten liquidity portfolios are constructed for each month m by 
ranking all ETFs with their liquidity measures at the end of month 
m − 1. The liquidity for each month is the average of the daily 
relative effective half-spread of each ETF having at least 15 
observations in each month. 

• Ten tracking error portfolios are formed for each year y by sorting 
the ETFs with at least 60 observations in the previous year. We use 
two tracking error measures to construct tracking error portfolios. 



The daily portfolio returns are the value-weighted average of ETF daily returns included in each 
portfolio.The daily market return is computed as the valueweighted average of the underlying index 
return for each ETF used in constructing portfolios. The underlying index return tracked by each ETF is 
not traded in the market. The use of the underlying index return to calculate the market return can 
avoid potential measurement errors due to the trading effects, that is,

where wit is each ETF i’s NAV weight at time t and fti is the index return of each ETF i at time t.



The daily market liquidity is calculated by taking the value-weighted average of the 
relative effective bid-ask spreads of all ETFs included in the portfolio’s construction. The 
daily portfolio liquidity is the value-weighted average of the relative effective bid-ask 
spreads of the securities included in each portfolio, that is,

where wi,p t is each ETF i’s NAV weight at time t and cit is ETF i’s daily relative effective 
spread.



Given the persistence of liquidity, using liquidity innovation, instead of the observed relative 
effective bid-ask spread, is desirable to compute the LCAPM betas. The liquidity innovation of 
each security is obtained from the fitted residual of the following AR(2) specification.

The portfolio and market liquidity innovations are calculated in the same way.



Table 8 shows the 
characteristics of the 
liquidity portfolios 
(Panel A) and the 
tracking error portfolios 
(Panels B and C).







Table 9reports the value-
weighted average betas of 
the liquidity and tracking 
errors of individual ETFs.







This section investigates the effect of liquidity on the expected return of the ETF using a cross-sectional
regression with pre-estimated betas. The regression is estimated by the GMM method.
Following Acharya and Pedersen (2005), the standard error is calculated by the Newey and West (1987)
method with a lag of 2.
The following equations are used to estimate the parameters:

The above models are estimated either when the coefficient on the expected trading cost, κ, is fixed as the 
average turnover rate or when it is considered to be the free parameter. 
The estimated parameters using portfolio betas are reported in Table 10, and those using individual betas are 
reported in Table 11.

Liquidity Premium



In Table 10, Panel A reports the estimated results for 
the liquidity portfolios,and Panels B and C report the 
estimated results for the tracking error portfolios. 

The odd and even numbered lines of each panel 
report the estimation results when κ is fixed as the 
average daily turnover rate and treated as the free 
parameter, respectively.

The first line of each panel of Tables 10 and 11 is the 
GMM estimation result of Eq. (11). 





Part 5 The liquidity effect on 
volatility
In this section, the effect of liquidity on ETF variance is investigated using the 
Lo and MacKinlay (1990) econometric model.



Lo and MacKinlay (1990) develop an econometric model to explain the effect of infrequent trading. They 
show that non-trading increases the return variance and causes negative serial correlation.
If an individual security trades very frequently with no time delays, then the variance of the observed return 
must be the same as the variance of the true asset return. 
The increase in the expected non-trading days can cause a gap between the observed return variance and 
the true return variance.
Evaluating whether infrequent trading can increase the asset return variance with respect to the true return 
variance is not easy, because the true asset return cannot be observed in general. 
The NAV return can be considered the ETF’s true return, which is publicly announced in the market. 
Given the assumption that the NAV return is the true ETF return, we can test whether non-trading increases 
the ETF return variance with respect to the NAV return variance. 



The NAV return can be easily modeled using a single linear factor model, because each ETF is 
designed to track its particular index.
For the NAV return series, we assume the following linear relations between the NAV return and 
the underlying index return.

where vt is the NAV return and ft is the underlying index return on day t. 
If the ETF replicates the underlying index perfectly, then the beta should be close to one and the 
alpha should be close to the fund’s expense ratio. 



While Lo and MacKinlay (1990) assume that the factor return is serially uncorrelated, assuming that 
serial correlation exists in the factor return series, is more realistic.
The following autoregressive process is suitable to account for the serial correlation of the factor return 
series:

where ξ t is zero mean noise with variance σ 2. 
The coefficient of the lagged return is the well-known autocorrelation function of the AR(1) process and 
is equal to the autocorrelation of lag 1.



As introduced in Lo and MacKinlay (1990), the following two random variables are defined to explain the ETF 
return process with the non-trading effect. 
First, the indicator variable δt is set to one if the ETF does not trade at the particular date t with probability p. 
Second,the indicator variable Xt(k) is set to one if ETF trades at time t but has not traded in k previous periods.
The indicator variable Xt(k) can be expressed as

Given the definition of the indicator variable Xt(k), the ETF return can be written as

From Eq. (17), the daily ETF return and the daily NAV return should be same if the ETF is traded every 
day.Thus, Eq. (17) means that the ETF return at time t can be expressed as the sum of the NAV returns 
from time t − k to time t if the ETF has not been traded during the previous k periods. 



Given the definition of the ETF return in Eq. (17), the variance of the ETF return can be expressed as

Eq. (18) shows that the ETF return variance is composed of the NAV return variance and the terms 
associated with the non-trading and autocorrelation effects.28 If the ETF trades every day, which means 
that the non-trading probability is close to zero, then the ETF return variance should be the same as the 
NAV return variance. 
The third term, which is related to the product of the non-trading probability and the serial correlation 
in the underlying index return, is not shown in Lo and MacKinlay (1990).



Table 12 reports the variance of each return series and the difference between return variance. 



Fig. 9 illustrates the variance of the 
different return series by the degree 
of leverage. 



Table 13 provides average 
values for the ETF and 
NAV return variance 
classified by non-trading 
probability. 



Table 14 reports the panel regression results. 



Part 6 Conclusion



• The ETF market has grown tremendously over the last two decades. ETFs in the US markets are one of 
the popular financial products that have emerged in recent years and,thus, have driven a passive 
investment era.

• This study investigates the effect of liquidity on ETF returns and tracking errors.  Our empirical 
analysis shows that illiquid ETFs tend to have large tracking errors. We use the threshold list of 
ETFs as an instrumental variable to investigate the causal link between the ETF illiquidity and tracking 
errors.  The results confirm that the instrumental variable approach shows a causal link from illiquidity 
to tracking errors. We also find that both underlying asset illiquidity and ETF illiquidity affect ETF 
tracking errors. More important, we find that tracking errors of ETFs holding illiquid underlying assets 
tend to be more sensitive to ETF illiquidity.

• We show that liquidity is an important risk factor affecting the ETF returns, which is similar to the 
case of general common stocks.Our empirical results support the LCAPM in that liquidity risks are 
priced in the US ETF market. An ETF’s required return depends on the covariances of its own liquidity 
and return with the market liquidity and return. Liquidity risk explains approximately 0.14% of the 
annual ETF returns. Although the magnitude is smaller than those of US or global common stocks, 
liquidity risk could be substantial for large institutional traders.

• Our second set of empirical tests show that the lack of liquidity increases the ETF variance with 
respect to the NAV variance. Extending the Lo and MacKinlay (1990) econometric model to consider 
the autocorrelation of the underlying index return, the ETF variance can be decomposed into the NAV 
variance and the terms related to the non-trading probability. Our finding implies that the variance of 
the ETF can increase when the ETF is traded infrequently. The calculated ETF variance is shown to be 
larger than the NAV variance. The regression analysis shows that the ETF variance is positively related 
to the non-trading probability.

• Our results suggest that ETF liquidity is an important aspect to consider when investors make 
investment decisions on ETFs.




