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Pre-Hedging… is “the greyest of grey areas”—Catherine Contiguglia, Risk, December 2015.

The market practice of pre-trade hedging or “pre-hedging” in which a financial institution
executes trades in the same or a related financial instrument immediately prior to the execution
of a customer trade is controversial, has received regulatory attention since at least 2002, and has
been the subject of enforcement activity (see, for example, Financial Services Authority, 2002;
Treanor, 2009; Millers, 2014; Contiguglia, 2015). Among other forms of pre-trade hedging,
derivatives dealers’ pre-trade hedging in derivatives’ underlying assets can cause derivatives
trades to be executed at prices that are more favorable to the dealer than they would have been
absent the pre-trade hedging. It is difficult to distinguish between two possible motives for such
pre-hedging trades: to hedge the financial institution’s exposure to the derivative, or to impact
market prices and thereby cause the derivative to be transacted at a price that is more favorable
to the financial institution. A cloudy case is when a financial institution executes a hedge trade
prior to the derivative transaction without regard to, or possibly to maximize, the market impact
of the hedge trade. In this way the financial institution can simultaneously execute the hedge
trade and impact the price at which the customer trade occurs, but have it be difficult to establish
that there was any intent to impact market prices. Until now, the research literature has ignored
pre-hedging.1 Our paper fills that gap by focusing on issuer pre-hedging in the underlying stocks
of structured equity products (SEPs) marketed to retail investors, which can impact the prices at
which the SEPs are sold.

Pre-trade hedging has been addressed in the financial press, where institutional customers say that “they continue to
see market prices jump immediately before they execute, implying that a dealer may have hedged itself without
notifying them” (Contiguglia, 2105), while another market participant argues that “most banks behave sensibly and
try to put on trades without moving the market too much” (Millers, 2014).
1
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We document that pre-trade hedging is prevalent in the market for U.S. retail structured
equity products (SEPs), a large asset class, and that it has important impacts on the prices of the
underlying stocks on the SEPs’ pricing dates, including on the prices of the largest and most
liquid stocks.2 Because the issue prices of the SEPs are typically based on the pricing date
closing prices of their underlying stocks, the impacts on the underlying stock prices imply that
the prices paid by the SEPs investors are also affected. These impacts of pre-trade hedging on
the prices of SEPs and their underlying stocks have not previously been recognized and
documented in the research literature. For two brands of SEPs typically based on large, liquid
technology stocks the pricing date impacts on the prices of the underlying stocks are 130 and 80
basis points, respectively, with most of the price impact being reversed by the close of trading on
the next trading date. The price impact in the universe of retail SEPs issued between 1994 and
2009 is 40 basis points, again with most of the price impact being reversed on the next trading
date. Finally, we provide evidence suggesting that at least some of the price impact is intentional
by documenting that the dates on which pre-trade hedging occurs include more large buy orders,
especially during the last 30 and last 10 minutes of trading, as compared to other trading dates
matched on order imbalances. This idea that large trades are a proxy for manipulative trading
activity has previously been used in the literature examining possibly manipulative trading
activity by institutional investors (Ben-David, Franzoni, Landier, and Moussawi, 2013).
One can be confident that these price impacts are due to the pre-trade hedging rather than
any information conveyed by the fact that retail investors are purchasing SEPs because (a) the
price impacts are almost fully reversed on the next trading date, and (b) the markups on the SEPs
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Sales of retail SEPs during 2015 totaled almost $7.2 billion (Morrison and Foerster, 2016), and global sales totaled
almost $300 billion (StructuredRetailProducts.com).
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are so large and the pricing is so disadvantageous to the SEPs investors (Henderson and Pearson,
2011) that it is implausible that the SEPs are purchased by sophisticated investors. In addition,
the order imbalances in the SEPs’ underlying stocks on their pricing dates correspond closely to
the magnitudes of the initial delta-hedge trades that the issuers must execute in order to hedge
their exposures to the SEPs they sell.
The mechanism by which pre-trade hedging benefits a SEPs issuer is straightforward.
Suppose that a financial institution is selling a structured equity product with value V(S) and
delta  = V/S and that the financial institution pre-hedges by buying  shares of stock. The
stock prices prior to and after the pre-trade hedging are S and S*, respectively. Assume that the
price impact of the pre-trade hedging is linear in the quantity traded and the average cost of the
shares acquired is (S* + S)/2, and the issuer sells the SEP immediately after the pre-trade
hedging, when the stock price is S*. By selling the SEP the issuer sells shares synthetically at
the stock price S* that it acquired at an average cost of (S* + S)/2 and the profit due to pre-trade
hedging is × S*   × (S* S)/2 =  × (S* S)/2. In the more general case in which the price
impact is not linear in the magnitude of the delta hedge trade the SEPs issuer will still profit
provided it acquires shares at an average cost less than S* and sells them synthetically at S*.
Among other things, the pre-trade hedging makes the disclosures of the estimates of fair
market value that the SEPs issuers currently provide in the offering documents misleading.
Specifically, since about 2012 the SEPs pricing supplements have included issuer-provided
disclosures of estimates of the fair market values of the SEPs.3 These estimates of fair market

An example of the SEC’s April 2012 letter recommending, among other things, changes in issuers’ disclosures of
fair market values can be found at: https://www.sec.gov/divisions/corpfin/guidance/structurednote0412.htm. Several
2013 SEC letters to financial institutions also address the issue of how issuers’ should compute estimates of SEPs’
fair market values (see, for
example,https://www.sec.gov/Archives/edgar/data/29646/000000000013009959/filename1.pdf).
3
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value are computed using the issuers’ valuation models for the SEPs, based on the closing prices
of the SEPs’ underlying stocks. Pre-trade hedging impacts the closing stock prices and causes the
valuation models to overestimate the fair market values of the SEPs, making the disclosures
misleading.4
These same impacts of pre-trade hedging on closing stock prices lead researchers to
understate the extent to which retail SEPs are overpriced. For example, Henderson and Pearson
(2011) use valuation models to estimate the overpricing of SEPs on their valuation dates.
Because their valuation models use pricing date closing stock prices, without any adjustment for
the fact that the pricing date closing stock prices are temporarily impacted by pre-trade hedging,
their valuation models overstate the fair market values of the SEPs and thus understate the extent
to which the SEPs are overvalued. Similarly, Stoimenov and Wilkens (2005), Benet, Giannetti,
and Pissaris (2006), Wilkens and Stoimenov (2007), Bernard, Boyle, and Gornall (2011),
Szymanowska, Horst, and Veld (2009), Wallmeier and Diethelm (2009), and Albuquerque,
Gaspar, and Michel (2015) have used valuation models and closing stock prices or stock index
values to estimate the fair market values of SEPs or similar instruments without recognizing or
accounting for the possibility that the closing stock prices may have been impacted by pre-trade
hedging.
We provide evidence about the impact of pre-trade hedging using two different samples
of SEPs. The first sample consists of two brands of SEPs, the SPARQS issued by Morgan
Stanley, and the STRIDES, a similar product issued by Merrill Lynch (now Bank of America
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Another limitation of these issuer disclosures of fair market value, not addressed in this paper, is that they are often
benchmarked to the prices (“funding costs”) of other structured notes marketed to retail investors rather than the
issuer’s conventional fixed rate debt, and thus do not necessarily reflect secondary market credit spreads
(https://www.sec.gov/Archives/edgar/data/29646/000000000013009959/filename1.pdf).
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Merrill Lynch). The SPARQS and STRIDES are well-suited for detailed analysis because these
products were structured consistently, allowing us to construct model-based estimates of the
hedge trades required for the issuer to establish a delta-hedged position using variations of only
one valuation model. Using that valuation model to compute the required delta hedges, we are
able to connect the magnitudes of the predicted trade size with the estimated intra-day order
imbalances. In addition, there were large numbers of SPARQS and relatively large numbers of
STRIDES, allowing for reasonably powerful tests.
Our main finding using the first sample is that on the pricing date the average return on
the underlying stocks is about 100 basis points. On the next day there is a reversal of about 80
basis points, which provides a more conservative estimate of the price impact of the hedging
trades. For the STRIDES, for which issue sizes tend to be larger, the pricing date price impact
and next day reversal are about 160 and 130 basis points, respectively. The reversals are
compelling evidence that the price movements we observe are due to the hedging trades rather
than to any information conveyed by the SEPs issues, and provide conservative estimates of the
price impact of the hedging trades. More than half of the average increase in the stock prices
takes place during the last thirty minutes on the pricing dates. These findings are consistent with
the hypothesis that pre-trade hedging for SEPs has significant price impact on the underlying
stocks.
We estimate the cumulative signed order imbalances in the underlying stocks on the
pricing dates using data from the Trades and Quotes (TAQ) database available from the New
York Stock Exchange (NYSE), and find that the TAQ-based estimates of the cumulative order
imbalances are on average approximately equal to our model-based estimates of the required
hedge trades. Regression analyses show that the estimated cumulative order imbalances are
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highly correlated with the model-based estimates of the quantities of stock needed to hedge the
SEPs. In addition, the stock prices experience a surge in buying pressure in the last thirty minutes
on the pricing dates, consistent with pre-trade hedging immediately prior to the pricing of the
SPARQS and STRIDES, all of which were priced at the close.
We use a second, larger sample to show that the main finding of price impacts is not
restricted to SPARQS and STRIDES. Specifically, we identify all publicly registered SEP issues
between 1994 and 2009, and study the returns of the common stocks for which SEPs with gross
proceeds greater than or equal to $5 million or $10 million were issued on a single day. We find
pricing date price impacts of about 30 or 45 basis points for issues with proceeds of at least $5
million or $10 million, respectively, followed by significant reversals on the next day. The result
of a smaller price impact in the total sample should be expected, because the typical SEP issue in
the larger sample has considerably less sensitivity to the underlying stock price than do the
SPARQS and STRIDES. Thus, the initial delta hedge trade involves a smaller purchase of the
underlying stock.
We further investigate the potential reason for this large price impact by examining the
intraday trading activity patterns on the SEPs pricing dates. Following prior research studying
possible manipulation by institutional investors (Ben-David, Franzoni, Landier, and Moussawi,
2013), we take advantage of their idea that “using an algorithm to split trades defeats the purpose
of a manipulative trade” and use the proportion of large buy orders as a proxy for manipulative
trades.5 We find a significantly stronger intensity of large (greater than $50,000 or $100,000) buy
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The market microstructure literature has suggested optimal execution strategies and cost control either through
splitting an order evenly into small trades (e.g., Bertsimas and Lo, 1998; Almgren and Chriss, 1999), or by a
combination strategy with an initial large trade followed by a sequence of small trades and a final discrete trade to
finish the order (e.g., Obizhaeva and Wang, 2013). Empirically, Griffiths, et.al. (2000) report that they find a
positive relation between price impact and order size using all transaction data for June 1997 that were executed on
the Toronto Stock Exchange and the implementation shortfall of small limit orders is negative for securities with
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trades in the last thirty and last ten minutes on the pricing date than on “Non-SEPs” benchmark
days consisting of trading dates within one year of the SEPs pricing dates matched on order
imbalances. These findings suggest that at least a portion of pre-trade hedging in SEPs is
manipulative, intended to pump up closing stock prices on the pricing dates. Even if the prehedging trades are not manipulative, they still have important impacts on the prices of the
underlying stocks and thus the SEPs, and SEPs issuers can avoid these price impacts by deferring
the delta hedge trade until after the SEPs are priced.6
While ours is the first paper to document the impact of pre-hedge trades, it is closely
related to two established strands of literature. First, it joins the existing literature that documents
end-of-day security price changes in other contexts due to both hedging and manipulation.
Hillion and Suominen (2004) report that the probability of a large trade in the last minute of
trading is very high, consistent with the idea that market participants attempt to influence closing
prices. Ni, Pearson, and Poteshman (2005) find that stock prices tend to cluster around option
strike prices on expiration dates and argue that this is due to hedge rebalancing by option market
makers and stock price manipulation by firm proprietary traders. Several papers find that mutual
fund managers manipulate closing prices by trading to put upward pressure on closing prices at
the end of the year (e.g., Carhart, Kaniel, Musto, and Reed (2002), Bernhardt and Davies (2005),
and Zweig (1997)). Blocher, Engelberg, and Reed (2010) show that short sellers put downward
pressure on stock prices in the last moments of trading before the end of the year. Ben-David,
Franzoni, Landier, and Moussawi (2013) show hedge funds pump up prices at the end of the

high market capitalization. Obizhaeva (2012) show that small orders are executed at a “significant” discount which
is comparable to the bid-ask spread using data on portfolio transition from between 2001 and 2005.
6
Examination of the point estimates of the price impacts by issuer suggests that three of the issuers do defer the hedge
trade until after their SEPs issues are priced.

7

month in order to attract capital and that this is particularly pronounced in illiquid stocks. Our
results show that pre-trade hedging, which can be motivated by either hedging needs or
manipulative motives, has important impacts on the prices of even the largest and most liquid
U.S. stocks.
Second, this paper contributes to the large literature on the price impact of uninformed
institutional trading. Kraus and Stoll (1972) show the existence of price pressures only for large
block sales, accompanied by stock price reversals, but not for block purchases. Chordia, Roll,
and Subrahmanyam (2002) study net order imbalances at the aggregate market level, and provide
evidence consistent with the block trading literature for individual stocks. Subsequent studies use
other instances such as index additions (Harris and Gurel, 1986; Kaul, Mehrotra, and Morck,
2000; Greenwood, 2005) or mutual fund redemptions (Coval and Stafford, 2007) to show that
price pressures can be large, but do not find evidence of immediate reversals in stock prices,
which are left as “puzzles.” Our paper complements this literature by providing evidence of
significant price impact for uninformed hedge trades of long positions executed by SEPs issuers
on the pricing dates, with price reversals on the next day.

2 The U.S. Public Structured Equity Product Market
SEPs are equity-linked notes typically issued by an investment bank or investment banking
subsidiary of a commercial bank, and have payments based on the stock price of another company,
a stock index, or multiple stock prices or stock indexes. This study restricts the sample to SEPs
linked to individual equities where pre-hedging trades are most likely to be impactful. SEPs are
marketed primarily to retail customers, as noted by Pratt (1995) and Bethel and Ferrel (2007).7

We thank Gang Hu for verifying that one popular product, Morgan Stanley’s SPARQS, almost never appears in
the extensive dataset of institutional trades used in Hu (2009).
7
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They are liabilities of the issuing financial institutions, not the companies whose stocks serve as
the reference assets.
SEPs are issued based on the issuers’ shelf registration statements, and each issue is
described in a pricing supplement to the prospectus. The issuers file the pricing supplements
describing the SEPs with the U.S. Securities and Exchange Commission (SEC), which makes them
available through its EDGAR database.8 Each pricing supplement contains the terms of one or
several SEPs, e.g. the reference asset, maturity, coupon rate, any call provision or barrier, and the
exchange ratio, multiplier, or other provision that determines the number of shares of the
underlying common stock (or cash payment) received by the investor. The pricing supplement also
indicates the pricing date and time (e.g., the close of trading) when the issue is priced. All of the
issues in our sample were priced as of the close of trading in the underlying stock on the pricing
date. When a financial institution believes that there is demand for a SEP based on a particular
common stock or stock index, it can quickly structure, market, and price a product. The SEPs are
then sold to investors at about the time or shortly after they are priced, and actually issued several
days later. The issuing firm hedges its liability on the SEP by buying shares of the underlying stock
near the time when the SEPs are priced.
We restrict our analysis to publicly issued products because the SEPs terms are available
in regulatory filings, namely the prospectus pricing supplements. To collect the sample, we first
identify all issuers of structured equity products in the United States. 9 After identifying all SEPs
issuers, we use a PERL script to collect all 424(b) filings from the SEC’s EDGAR website for each

The SEC’s EDGAR database is accessible at http://www.sec.gov/edgar.shtml. The pricing supplements are
usually Form 424B3, but sometimes Form 424B2.
9
We identify SEPs issuers by searching Mergent’s FISD database for issues matching both keywords “Equity” and
“Link”. Additionally, we obtain a list of structured products from the website www.quantumonline.com, and we
also searched the AMEX website for listed SEPs.
8
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issuer.10 We then process each document to identify all SEPs issues and extract issue details from
the filings, including the proceeds amount, the pricing date, and reference stock.11 We restrict the
sample to only those SEPs linked to publicly traded stocks or ADRs.
Citibank’s Equity LinKed Securities (ELKS) issued on May 24, 2006 with payoffs linked
to the price of Intel (INTC) stock are an example of a SEP. Citibank issued the Intel ELKS for
$10 each, raising total proceeds of $63.8 million. The ELKS featured a 9% coupon rate and
matured after six months on November 30, 2006. At maturity, the ELKS promised to pay the
investor the final coupon amount plus the $10 par value. The ELKS had a barrier feature: If at any
time the stock price of Intel “touches” $15.21, meaning the traded price was less than or equal to
this value, the promised maturity payment becomes 0.55897 shares instead of $10. The closing
price of Intel stock on the pricing date was $17.89 per share, so the barrier price represented a
17.6% decline from the pricing date closing stock price.
Table 1 presents the number of SEPs issues and total proceeds on an annual basis. The
total sample consists of 10,488 issues and roughly $55.4 billion in proceeds. The sample begins
in 1994, the earliest year pricing supplements are available on EDGAR. The market for publicly
registered SEPs has grown considerably from 1994 during which there were 5 issues totaling
$246.8 million proceeds to 2009 when there were 2,044 issues totaling $4.5 billion proceeds. Deal
flow peaked just prior to the financial crisis with over 3,300 deals during each year 2007 and 2008.
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The issuers are ABN Amro, Barclays, Bank of America, Bear Stearns, Citibank, Citigroup, Credit Suisse,
Deutsche Bank, Eksportfinans, Goldman Sachs, HSBC, JP Morgan, Lehman Brothers, Merrill Lynch, Morgan
Stanley, Royal Bank of Canada (RBC), UBS, Wachovia, and Wells Fargo.
11
Following the data collection, we check the data by matching each sample to Mergent’s FISD database. Our
verification process checks for errors by searching for a match between our data and the FISD database for the issuer,
pricing date, maturity date, reference asset, and proceeds. If we do not locate a match on those four data items, we
search for a three-item match based on any three of the four items. In cases where three item match, we hand-check
the fourth data point. For all issues without a 3-point match, we hand-check each observation by reading the pricing
supplement. Prior to 2005, we hand-check each observation due to the number of missing datapoints in the FISD
convertible file.
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Proceeds peaked during 2007 at over $11.4 billion. Many SEPs issues, particularly toward the end
of the sample period, are small. Table 1 also presents the number of SEPs issues and proceeds for
two size cutoffs: issues with proceeds of at least $5 million or $10 million. From 2007 through
2009, issues with proceeds of at least $5 million comprise approximately 10% of the sample
whereas nearly all issues up through 2002 had proceeds greater than $5 million. Over the full
sample, 1,675 SEPs issues had proceeds of at least $5 million, totaling over $43 billion in proceeds.
The sample includes 979 SEPs having proceeds of at least $10 million, totaling over $38.7 billion
in proceeds.
Overwhelmingly, SEPs reference large, liquid stocks. Panel A of Table 2 presents the
distribution of observations across CRSP size quintiles. For the full sample, more than 73% of the
observations reference stocks in the largest size quintile and nearly 55% reference stocks in the
largest decile. Only 5% of the SEPs reference stocks from the smallest two market capitalization
quintiles. Among the larger SEPs, those with at least $5 million in proceeds, the size concentration
is even more dramatic: over 87% (69%) reference stocks in the largest quintile (decile). Only 1%
of these SEPs reference stocks in the smallest two market capitalization quintiles. The pattern is
similar for SEPs with proceeds of at least $10 million.
Panel B of Table 2 presents the industry classifications for the reference stocks using both
CRSP and COMPUSTAT SIC classification codes. Nearly half the sample SEPs reference
manufacturing firms, many of which are technology firms. Also prominent are stocks from the
mining, financial, and services sectors.
Our main analysis focuses on the two most popular brands of SEPs: the SPARQS and
STRIDES issued by Morgan Stanley and Merrill Lynch (now Bank of America Merrill Lynch),
respectively. During our sample period, the Morgan Stanley SPARQS were the most common of
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the publicly offered SEP’s based on individual equities. From the first SPARQS issue in June of
2001 through June 2009, Morgan Stanley issued 124 SPARQS based either on individual equities
or American Depositary Receipts, with total proceeds of $3,162,820,380. A representative
example is the issue based on Monsanto Company that was priced and sold on June 22, 2007 and
issued on June 29, 2007.12 This SPARQS had a maturity date of July 20, 2008, slightly more than
one year after the issue date, a coupon rate of 8% per year, a face value and issue price of $16.8875,
equal to one-quarter of the closing price of Monsanto Company stock on the SPARQS pricing
date. Morgan Stanley could call these SPARQS at any time between January 20, 2008 and July
10, 2008, at an increasing schedule of call prices chosen so that if Morgan Stanley called the
SPARQS the payments received by the investor, including the past interest payments already
received, would provide an internal rate of return or “yield to call” of 16% per year. If Morgan
Stanley did not call the SPARQS, on the maturity date the investor would receive one-quarter share
of Monsanto Company for each SPARQS. Because the call feature limits the possible payoffs, a
SPARQS is similar to a covered call position in one-quarter share of Monsanto Company, where
the high coupon of 8% per year is the mechanism through which the investor receives the call
premium. A difference between a SPARQS and an ordinary covered call position is that the
SPARQS’ call price increases over time, creating an incentive for Morgan Stanley to call the
SPARQS early even though Monsanto Company did not pay dividends. Exchange ratios of one,
one-half, and one-fourth were also commonly used, so a SPARQS would typically roughly
correspond to a covered-call position in one, one-half, or one-quarter share of the underlying
common stock.

12

The prospectus pricing supplement for this SEP can be found at:
https://www.sec.gov/Archives/edgar/data/895421/000095010307001633/dp06089e_424b2-ps297.htm
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Merrill Lynch’s STRIDES were similar, in that they also offered a high coupon, were
callable at an increasing schedule of call prices, and roughly corresponded to covered call positions
in some number of shares of the underlying stocks. A difference is that the STRIDES most often
had original times to maturity of approximately two years rather than one and were first callable
after about one year rather than after about six months. Other differences include the facts that
many of the STRIDES were structured to have a principal amount of $25 rather than a fraction of
the stock price, the final payments of the STRIDES were described in terms of a share multiplier
based on the value-weighted average price on the pricing date, and the details of the determination
of the final settlement differed. From the first issue in July of 1998 through September of 2008,
Merrill Lynch issued 51 different STRIDES, with total proceeds of $2,487,704,000. We omit from
our sample the two STRIDES that reference stock indexes rather than individual equities. Thus,
our sample includes 49 STRIDES, with total proceeds of $2,469,704,000. Combining the
STRIDES with the SPARQS, the sample used in Section 3 consists of 173 issues with total
proceeds of $5,632,524,380.
Table 3 provides some summary information about the SPARQS and STRIDES. Panel A
presents the mean, median, maximum, and minimum proceeds of the SEPs, the ratio of the issue
proceeds to the market capitalization of the underlying stock, and turnover of the underlying stock.
The two kinds of SEPs differed significantly in terms of the issue sizes. The mean and median
proceeds for the SPARQS were about $25.5 and $20.2 million, in contrast to mean and median
proceeds of $50.4 million and $37.5 million for the STRIDES. However, because the STRIDES
tended to be based on underlying stocks with significantly larger market capitalizations, the ratios
of the proceeds of the issues to the market capitalizations of the underlying stocks were about the
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same, with mean (median) values of 0.188% (0.096%) and 0.216% (0.085%) for the SPARQS and
STRIDES, respectively.
Panel B in Table 3 presents the distributions of the SPARQS’ and STRIDES’ underlying
stocks across NYSE market-capitalization quintiles, and also shows the fraction of the underlying
stocks falling in the largest-capitalization decile. Each stock is assigned to a size quintile based
on cutoffs established by ranking all NYSE stocks by market capitalization (the product of shares
outstanding and the closing stock price) at the end of the month immediately preceding the SEP
issue.
None of the underlying stocks are in either of the two smallest quintiles, and only 1.16%
of the issues, specifically one SPARQS and one STRIDES, had underlying stocks in quintile 3.
Slightly more than 86% of the entire sample of underlying stocks were in the largest quintile, with
64.7% in the largest decile. The STRIDES have a more pronounced tendency to be based on large
capitalization stocks than does the entire sample. Almost 94% of the STRIDES (46 of the total of
49) were based on stocks in the largest quintile, and 75.5% were based on stocks in the largest
decile.
In addition to the SEPs, our analysis uses daily stock returns and other stock price data
such as closing prices and shares outstanding from the daily price files maintained by the Center
for Research in Securities Prices (CRSP). We use trade and quote data in the Trades and Quotes
(TAQ) database available from the New York Stock exchange to compute the intraday returns and
estimate the intraday signed order volume that we use in some of our analyses. Additionally, factor
portfolio returns come from Ken French’s website.13 Some of the analysis uses valuation models
to compute the SEPs’ deltas as-of the pricing dates. The necessary terms of the instruments are
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http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.
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obtained from the pricing supplements. Appropriate implied volatilities of the underlying stocks
are from the option price files from OptionMetrics LLC, while the necessary interest rates (LIBOR
for various maturities) are from Bloomberg. Past ex-dividend dates and dividend amounts used to
estimate future dividend dates and amounts are from the CRSP daily file.

3 Price Impact of Hedging Trades
The analysis begins by considering the price impact of the pre-trade hedging for the
SPARQS and STRIDES, two of the most popular brands of SEPs. The SPARQS and STRIDES
are well-suited for detailed analysis for several reasons. First, issues of these products were
structured consistently, so that variations of only one valuation model need to be implemented.
The valuation models allow us to estimate the sizes of the initial delta hedges, and confirm that
the order imbalances on the pricing dates estimated from TAQ data are consistent with the
model-based estimates of the sizes of the initial delta hedges. Second, they are relatively shortterm: the SPARQS have mean (median) times to maturity and first call date of 403 (385) and 212
(201) days, respectively, while the corresponding statistics for the STRIDES are 639 (731) and
318 (367) days. These relatively short times to maturity and call imply that useful implied
volatility information is available from the prices of traded options, allowing for the computation
of accurate valuations and hedge ratios. The computed hedge ratios provide estimates of the
quantities of underlying stocks that must be purchased on the pricing dates. Third, for the
SPARQS and STRIDES the elasticities of the product values with respect to the underlying stock
price were larger than for many SEPs, resulting in larger hedging trades and larger, easier to
detect, price impacts. Finally, there were large numbers of SPARQS and relatively large
numbers of STRIDES, allowing for reasonably powerful tests. In section 3.2, we extend the
analysis to the full sample of SEPs.
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We measure the price impact of pre-hedging trades using the daily returns and the marketadjusted daily returns to the reference stocks. For each sample SEPs i having pricing date t, the
price impact is the abnormal return of the SEPs’ underlying stock, ARi,t, measured as:
ARi,t = 𝑟𝑖,𝑡 − 𝑟𝑀,𝑡 ,

(1)

where ri,t is the raw return on the reference stock of the ith SEP that is priced on date t, and 𝑟𝑀,𝑡 is
the benchmark return. We use two proxies for the benchmark return. By considering the raw
return, the first benchmark is zero. The second benchmark is the day t return to the CRSP valueweighted index.
3.1 Analysis of Two Large, Consistently Structured Brands of SEPs
Table 4 presents the abnormal performance of the SPARQS’ and STRIDES’ underlying
stocks during eleven-day windows covering the period from five trading days before to five trading
days after the pricing dates. The dates shown are in “event time” relative to the pricing dates, i.e.
date 0 is the pricing date and date 𝑡 is the date 𝑡 days after (or before, if 𝑡 < 0) the pricing date.
The first row of results in Panel A shows the average returns of the underlying stocks for the
combined sample of SPARQS and STRIDES. The 𝑡-statistics for tests of the hypotheses that the
average returns are equal to zero are in parentheses below the average returns. The next two rows
present the average market-adjusted returns on the underlying stocks and the associated 𝑡-statistics
for tests of the hypotheses that the average market-adjusted returns are equal to zero. The marketadjusted returns are relative to the returns on the CRSP value-weighted index, that is the marketadjusted return for underlying stock 𝑖 on day 𝑡 is 𝑟𝑖,𝑡 − 𝑟𝑀,𝑡 , where 𝑟𝑀,𝑡 is the return on the CRSP
value-weighted index on day 𝑡.
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For the pricing date the average raw and market-adjusted returns are 103 and 95 basis
points, respectively, and significantly different from zero, with 𝑡 -statistics of 4.94 and 5.16,
respectively. The first trading date after the pricing date (event date 1) shows a striking, though
not complete, reversal: the average raw and market-adjusted returns are 79 and 74 basis points,
with 𝑡 -statistics of 4.33 and 4.68, respectively. Returns on the other dates do not differ
significantly from zero at conventional levels, with the largest 𝑡-statistics for the other dates being
1.74.
The next two rows of Panel A present the numbers of market-adjusted returns that are
positive and negative on each day in order to confirm that the significant average returns on dates
0 and 1 are a robust result and not driven by a small number of outliers. On the pricing date the
ratio of positive to negative market-adjusted returns is 112 to 61, while on the next trade date the
ratio reverses to become 58 to 115. The last row of the panel provides the probability that the
number of positive market-adjusted returns equals or exceeds the number of positive marketadjusted returns reported in the table under the null hypothesis that the probability of a positive
return is one half.

Specifically, the probability reported for date 𝑡 is 𝑃𝑟𝑜𝑏(𝑘 ≥ 𝑥𝑡 ) =

∑𝑛𝑘=𝑥(𝑛𝑘)𝑝𝑘 (1 − 𝑝)𝑛−𝑘 , where 𝑥𝑡 is the number of positive market-adjusted returns observed on
day 𝑡, (𝑛𝑘)𝑝𝑘 (1 − 𝑝)𝑛−𝑘 is the probability of 𝑘 positive returns out of a total of 𝑛 returns, and 𝑝 =
0.5 is the probability of a positive return under the null hypothesis. On the pricing date the
probability under the null of 112 or more positive returns is 0.0001, while on date 1 the probability
that 58 or more returns are positive is 0.999996. This latter result implies that the probability under
the null that 115 or more of the market-adjusted returns are negative is 4 × 10−6 .
Panels B and C present the corresponding results for subsamples consisting of the SPARQS
and the STRIDES, respectively. The results for both subsamples are similar to those for the full
17

sample in that they show significantly positive average raw and market-adjusted returns on the
underlying stocks on the pricing date, and significant, though not complete, reversals on the next
trade date. As with the full sample, these results for the average returns are confirmed by the nonparametric tests based on counts of positive and negative returns shown in the last rows of Panels
B and C. A difference between the two subsamples is that on the pricing date the average raw and
market-adjusted returns of the SPARQS’ underlying stocks are only about one-half as large as
those of the STRIDES’ underlying stocks: 79 versus 161 basis points for the raw returns of the
SPARQS versus those of STRIDES, and 76 versus 143 basis points for the market-adjusted
returns. A second difference is that Panel B provides some evidence that the SPARQS underlying
stocks have a positive average return on day 1. For this day the SPARQS’ average marketadjusted return is 43 basis points, with a 𝑡-statistic of 2.16. While the average day 1 raw return
of 36 basis points has a 𝑡-statistic of only 1.54 and the non-parametric test statistic based on the
numbers of positive and negative returns has a 𝑝-value of 11.11%, it should be recognized that
these are less powerful tests.
Some context for these results is provided by the ratios of the principal amounts of the SEP
issues to the market capitalizations of the underlying stocks on the pricing date. Table 3 reveals
that the STRIDES issues tend to be larger, with mean and median proceeds of $50.4 and $37.5
million, respectively, in contrast to $25.5 and $20.2 million for the SPARQS. However, the
STRIDES’ underlying stocks have correspondingly larger market capitalizations, so that the ratios
of the proceeds to the market capitalizations of the underlying stocks as of event date 1 are
similar. The third column of Panel A in Table 3 reports that the mean ratios of the SEP proceeds
(total principal amounts) to the market capitalizations of the underlying stocks as of the close of
trading on the day before the pricing date are 0.188% and 0.216% for the SPARQS and STRIDES,
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respectively, and the median ratios are 0.096% and 0.085%. The results thus indicate that a SEP’s
issue with a total principal amount equal to about 0.1% or 0.2% of the market capitalization of the
underlying stock causes the underlying stock temporarily to increase in value by about one percent.
The return reversals observed on the day after the pricing date indicate the pricing date
returns are not due to any information conveyed by the issuances, and indicate that the price
movement on the pricing date is due to the price impact of the issuers’ pre-trade hedging in the
underlying stocks. The reversals also indicate that the positive pricing date returns are not due to
any selection bias in which issues are more likely to be completed on days in which the underlying
stock price performs well.
Figures 1 and 2 further explore the price impact of the issuers’ pre-trade hedging in the
underlying stocks by examining intraday returns and net buying volume. For the SPARQS and
STRIDES, respectively, the two figures show the average intraday cumulative market-adjusted
returns (left scale) and intraday cumulative net buying volume (right scale) for the underlying
stocks during 5-minute intervals throughout the pricing date. We normalize the intra-day order
imbalance by shares outstanding. The market-adjusted returns are computed relative to the return
on the S&P Depositary Receipts (SPDRs, ticker symbol SPY). For each 5-minute interval, the
return on the underlying stock is computed from (i) the price of a transaction that has a time stamp
that falls within the interval and is at or closest to the end of the interval, and (ii) the closing price
from the previous day. 14 The SPDRs’ returns are computed similarly. Net buying volume is
estimated by classifying each trade as either a “buy” or “sell”. First, trades that occur at or above

14

When the pricing date corresponds to an ex-dividend date, the CRSP distribution amount is added to the intraday
price when computing intraday returns. Across the full sample of 173 SEPS, only one SPARQS pricing date
coincided with an ex-dividend date, but several SEPs pricing dates correspond to ex-dividend dates for the SPDRs.

19

(below) the prevailing ask (bid) price are classified as “buy” (“sell”) trades. 15 Following the
methodology of Lee and Ready (1991), trades inside the quotes are classified according to the tick
test where trades are classified “buys” if they occur on an uptick or zero uptick and “sells” if they
occur on a downtick or zero downtick.16 The net buying volume for each 5-minute interval is the
sum of the buy and sell orders that have time stamps that fall within the interval, treating a sell as
a negative buy, and the cumulative net buying volume is the sum of the net buying volume for the
current interval and all previous intervals, normalized by shares outstanding.
Figure 1 for the SPARQS shows a significant order imbalance during the 5-minute interval
that includes the open, with average net buy volume of about 100,750 shares (0.45% of shares
outstanding), along with a large average initial excess return of 30.2 basis points. Following the
open, average cumulative net buy volume increases at an approximately constant rate to a level of
about 358,250 shares (0.52% of shares outstanding) at 3:30 p.m., followed by average net buying
volume of more than 211,800 additional shares (0.40% of shares outstanding) from 3:30 to the
close of trading. After the initial return of 30.2 basis points the cumulative market-adjusted return
increases only slightly through most of the day, to 38.3 b.p. at 3:30 p.m., and then increases very
rapidly to the close of trading. Thus, average cumulative net buying and market-adjusted returns
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Following the Lee and Ready (1991) algorithm, we exclude all trades with special settlement conditions, and the
prevailing quotes are computed from the most recent eligible quotes five seconds prior to the trade price.
16
Lee and Ready (1991), noting that quotes are often recorded ahead of the trade that triggered them, advocate for a
5-second lag when matching trades to quotes. As market speed has evolved, more contemporary research advocates
for shorter lags of 1 or zero seconds (Bessembinder 2003, Peterson and Siri 2003, and Holden and Jacobsen 2011).
The results we report use a zero second lag to be consistent with Bessembinder 2003 who finds that to be the
optimal lag for signing trades. Our results are robust, both quantitatively and qualitatively, to using alternative quote
lags of 5 or 1 seconds.
We use standard data filters, eliminating all quotes meeting any of the following criteria: negative bid; negative ask;
negative depth; negative spread; spreads greater than $5; quote modes that are not NBBO eligible.
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display similar patterns, with the main difference being that larger proportions of the cumulative
return are realized in the 5-minute interval that included the open and after 3:30 p.m.17
Figure 2 for the STRIDES differs from Figure 1 in that it does not show a significant
imbalance of net buys during the 5-minute interval that includes the open; instead, both average
net buys and the average market-adjusted return are slightly negative during the first 5-minute
interval. After the first 5 minutes, both climb steadily throughout the day, and then very rapidly
toward the end of the day. The two lines display strikingly similar patterns; in fact, the lines
showing the cumulative net buys and market-adjusted return are so similar that they actually cross
each other many times during the day.
We verify that these order imbalances reflect the issuers’ pre-hedging trades by examining
the relation between the magnitudes of the hedging trades predicted by valuation models and the
estimated order imbalances. To do this, we first compute the deltas of the SPARQS and STRIDES.
To compute the deltas, we employ the pricing model in Henderson and Pearson (2011). The
pricing model assumes that under the risk-neutral probability the stock price follows a geometric
Brownian motion process with constant drift and volatility. The value of the SEPs at time 𝑡,
denoted 𝑉(𝑆, 𝑡) where 𝑆 is the underlying stock price, satisfies the Black-Scholes-Merton partial
differential equation. The terminal boundary condition is given by the SEPs value at maturity,
𝑉(𝑆, 𝑡) = 𝑅𝑆𝑇 + 𝐶𝑇 , and equals the product of the number of shares 𝑅 to which the SEP is entitled
and 𝑆𝑇 , the stock price at maturity, plus the final coupon amount 𝐶𝑇 . The call price, which varies
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The average intraday returns as of 4:05 p.m. in Figures 1 and 2 do not exactly match the average market-adjusted
pricing date returns in Panels B and C of Table 4 because the market adjustment in Figures 1 and 2 is done using the
return on the S&P Depositary Receipts (SPDRs) while the market adjustment in Table 4 is done using the return on
the CRSP value-weighted index. The return on the SPDRs differs from the return on the CRSP value-weighted
index both because the SPDRs do not exactly track the reported S&P, and because the S&P differs from the CRSP
value-weighted index. In addition, the last exchange trade used to compute the CRSP daily return often has a time
stamp after 4:05 p.m., and thus differs from the trade used to compute the return in the last time interval shown in
the figures. This latter fact applies to both the underlying stocks and the SPDRs.
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of time and is based on a stated internal rate of return, provide the upper spatial boundary condition
while “clean-up” provisions which result in early redemption at low stock prices provide the lower
spatial boundary condition.

Volatility estimates are taken from the implied volatilities of

exchange-traded options with time-to-expiration most closely matching the maturity of the SEPs
and strike prices most closely matching the stock price at which the issuer rationally calls the SEPs.
We compute the delta from the pricing model, and the predicted hedge trade size for the 𝑖th SEP
is omputed as the product of ∆𝑖 and the number of units of the SEP issued.
The average estimated order imbalances across the full sample of 173 SEPs is 0.092% of
shares outstanding, which is of similar magnitude, although slightly larger than, the average
model-predicted hedge trade size of 0.082% of shares outstanding. Table 5 presents the results of
the regressions of order imbalance on predicted trade size. The results for the SPARQS are in the
first two columns, those for the STRIDES are in the middle columns, and those for the combined
sample of SPARQS and STRIDES are in the last two columns. For each set of products, the
regression is estimated both with and without a constant. If the daily order imbalance exactly
equals the model-predicted hedge trade for every SEP, the estimated coefficient on predicted trade
size will equal one and the regression will explain all of the variation in order imbalance (i.e.,
𝑅 2 = 1). We do not expect this exact relationship to hold in the data for several reasons. First,
the order imbalances are measured with error because the procedure for signing trades using trade
and quote data results is imperfect. Additionally, the pre-hedging trades are only one component
of order flow and the daily order imbalance will reflect volume from other many sources.
Referring to the first two columns in Table 5, in the SPARQS sample the estimated
coefficients for model-predicted trade size are 0.6604 and 0.8435 when the regression is estimated
with and without an intercept, respectively, with highly significant 𝑡-statistics of 5.10 and 8.05.
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The coefficient estimate 0.8435 indicates that for the SPARQS an increase in the model-predicted
hedging trade size of 0.01% of the shares outstanding results in an increase in the estimated daily
order imbalance of 0.0084%. The STRIDES results are similar with estimated coefficients of
0.9018 and 0.9579 and 𝑡-statistic of 4.181 and 5.450. The regressions using the combined sample
of SPARQS and STRIDES are reported in the last columns and have coefficients of 0.7467 and
0.8829 with 𝑡-statistics of 6.728 and 9.798. The regression 𝑅 2 𝑠 range from 0.14 for the SPARQS
to 0.27 for the STRIDES and 0.19 for the combined sample, indicating that variation in the modelpredicted trade size explains a large portion of the variation in the estimated daily order imbalance.
In summary, the results reported in Table 5 have coefficient estimates reasonably close to one, the
coefficient estimates are highly significant, and the regression 𝑅 2 𝑠 are reasonably high. Thus, the
results confirm that the estimated order imbalances from the transactions-level data on the pricing
dates reflect SEPs issuers’ hedging activities.

3.2 Full Sample Analysis
We next extend the analysis to investigate the price impact of issuer hedge trades in the full sample
of all U.S. publicly issued SEPs. Modeling all of the issues is not realistically feasible due to the
range of product designs, so in the full sample we use the issue proceeds as a proxy for the hedge
trade size. The analysis of the broader sample of thousands of issues demonstrates that the price
impacts are not an isolated phenomenon found only in a limited number of issues, but rather that
the hedge trades frequently affect the prices of large capitalization U.S. common stocks.
Because the full sample consists of over 10 thousand issues, it includes many instances in
which there were multiple SEP issues based on the same underlying stock priced on the same date.
In these cases, we aggregate the proceeds, i.e. for issues sharing the same underlying stock and
pricing date we create a single “aggregated” observation with proceeds equal to the sum of the
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issues’ proceeds. The sample also contains 12 “bearish” SEPs that benefit from decreases in the
underlying stock price. In the cases in which “bearish” and “bullish” SEPs based on the same
underlying stock had the same pricing date, we treat the proceeds of the bearish product as negative
when aggregating the proceeds. In the cases when a “bearish” product was issued without a
matching “bullish” product, we multiply the underlying stock returns by negative one before we
include them in the average returns, because the initial hedge trades for the bearish products require
short-selling the underlying stocks.18
Panel A of Table 6 presents three different measures of the underlying stock average returns
on and around the pricing dates for the aggregated observations with aggregate proceeds of at least
$5 million. The first set of results consists of the average raw returns, and shows a price impact
of +31 basis points and an associated 𝑡-statistic of 4.31. Panel A next presents the underlying
stock returns in excess of the CRSP value-weighted index and the S&P 500 index returns. On the
pricing date, the average returns in excess of the CRSP value-weighted and S&P 500 indexes are
+18 and +19 basis points, respectively, and are statistically significantly different from zero at
conventional levels. This finding of positive average returns on the pricing date is consistent with
the earlier findings for the SPARQS and STRIDES.
The average raw return to the underlying stocks on the next trading date is 16 basis points
with a 𝑡-statistic of2.52. The average excess returns relative to the CRSP value-weighted and
S&P 500 indexes are 14 and 11 basis points, respectively, with both being statistically
significant. Thus, the positive returns on the pricing date are mostly reversed on the next trading

18

Due to the aggregation, the number of observations that satisfy the size cutoffs of $5 million and $10 million
increases. Thus, the numbers of observations in the subsamples with proceeds greater than or equal to $5 million
and $10 million reported in Table 6 exceed the numbers of issues with proceeds greater than or equal to $5 million
and $10 million reported in Table 1.
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date, also consistent with the findings for the SPARQS and STRIDES. Interestingly, the reversals
appear to continue on event date +2 on which the average raw and excess returns are 13, 13,
and 11 basis points, all statistically significant. For all three measures of returns, the sum of the
event dates +1 and +2 returns almost exactly offsets or close to offsets the positive average returns
on the pricing date.
Panel B of Table 6 presents the average returns for the subset of 1,024 aggregated issues
having proceeds of at least $10 million. The average proceeds for the observations in Panel B is
$38.6 million, compared to average proceeds of $24.6 million in the subsample with proceeds of
at least $5 million for which results were presented in Panel A. Consistent with the larger proceeds
and thus larger hedge trades, the price impacts in Panel B are larger in magnitude than those in
Panel A. Specifically, the average raw return on the pricing date is +45 basis points with a 𝑡statistic of 5.05. The returns relative to the CRSP value-weighted and S&P 500 index are +36 and
+38 basis points, respectively, and are statistically significant. The pattern of reversals is also
present, as the raw returns on event dates 1 and 2 are 24 and 21 basis points, respectively, with
both being significantly different from zero. The return reversals are also evident in the marketadjusted returns.
These average returns, while highly significant, are not as large as the corresponding
average returns for the SPARQS and STRIDES reported in Table 4. There are two possible reasons
for this. First, at least some of the differences in the magnitudes of the average returns are almost
certainly due to differences in the sizes of the required hedge trades. The average proceeds of the
observations with proceeds of at least $5 million used in Panel A is about $24.6 million, which is
similar to the average SPARQS proceeds of about $25 million (and smaller than the average
STRIDES proceeds of about $50 million). The sample used in this section, however, consists
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predominantly of products that have smaller option elasticities than the SPARQS and STRIDES.
For example, the most common products in the full sample are barrier reverse convertibles, which
have exposure to the underlying stock price only if the barrier is touched. Thus, the typical issue
in the full sample require a smaller hedging trade than an issue of SPARQS or STRIDES with the
same proceeds.
Second, the pattern of reversals spread over two days is consistent with the hypothesis that
the hedging trades for some issues are executed on event date +1 rather than the pricing date. 19
Issues hedged on date +1 would tend to show a zero return on the pricing date, a positive return
on event date +1, and a reversal on date +2. So long as the fraction of issues hedged on date +1 is
not too large, the overall averages would show negative average returns on both dates +1 and +2.
The possibility that not all hedge trades are executed on the pricing date would also tend to reduce
the pricing date average return, and thus help to explain why the pricing date average returns for
the full sample are smaller than those for the SPARQS and STRIDES. Alternatively, it might
simply be the case that it takes the market two days to incorporate the information that the
purchases on the pricing date were not based on information.
Regardless, this evidence that the price impacts are found in the sample of all SEP issues
with proceeds greater than $5 million documents that economically significant price impacts due
to derivatives hedging trades are a widespread phenomenon. Moreover, the full sample represents
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Examination of the point estimates of the average returns for the SEPs issued by each of the different issuers
suggests that three issuers (Eksportfinans, JP Morgan, and RBC) executed their hedge trades on date +1 rather than
on the pricing date. However, the sample sizes of the individual issuers are not large enough for one to be confident
in this conclusion.
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issues by 19 different financial intermediaries, indicating that the significant price impact we find
is not due to certain issuers’ bad trading desk skill.20

4 Why are the estimates of price impact so large?
4.1 Comparison of the estimates to others
Obizhaeva (2012) presents estimates of the price impact of trades referred to as “portfolio
transitions.”21 She argues that such trades allow for bias-free estimation of liquidity and price
impact because the quantities (numbers of shares) to be traded are fixed before trade execution.
This identification strategy circumvents the typical endogeneity problem stemming from the
feedback effect of prices on trades. In this sense the portfolio transitions studied by Obizhaeva
(2012) are similar to the SEP hedge trades we use, and absent the possibility that SEPs issuers
manipulate stock prices her estimates of price impact would be the estimates in the literature that
are most comparable to ours. Applying the estimates of Obizhaeva (2012) to the sample of SEPs
pre-hedging trades implies that the price impact should be only 23 basis points for SPARQS and
21 basis points for STRIDES, respectively.22 These price impact estimates are much lower than
the price impacts we observe on SEPs pricing dates when issuers pre-hedge their SEPs issues.
4.2 Evidence of Price Manipulation

20

Anand, Irvine, Puckett, Venkataraman (2012) present evidence on variation in trading costs across institutions
which they attribute to different trading desk skills.
21
Obizhaeva (2012) describes the portfolio transitions as follows:
Portfolio transitions are economically significant transactions that involve transfers of funds
from legacy portfolios to target portfolios. They are initiated by institutional sponsors wishing
to replace their fund managers, rebalance their asset classes, or accommodate large cash
inflows and outflows. Institutional sponsors usually delegate portfolio transitions to transition
managers who become responsible for selling securities from legacy portfolios and buying
securities from target portfolios. The list of orders to be executed is provided to transition
managers the night before portfolio transitions begin.
22
See the Appendix for the details of this computation.
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Because SEPs issuers have a strong incentive to manipulate prices and because the price
impacts around pre-hedging trades are considerably larger than those implied by Obizheava’s
(2012) estimates, we consider the potential role of manipulation in the SEPs pre-hedging trades.
As mentioned in the introduction, the pre-trade hedging will benefit the issuer, to the extent that it
causes S* to exceed S, and the issuer has an incentive to trade in a way that will maximize the
difference S*S. This suggests that the issuer might have an incentive to trade aggressively as the
close of trading approaches. Figures 1 and 2 provide evidence that the SPARQS and STRIDES
issuers do trade more aggressively as the close of trading approaches.
However, it is possible that the time pattern on trading in Figures 1 and 2 can be explained
by the issuers’ desire to trade off price impact and price risk. To the extent that an issuer begins
to buy stock early on the pricing date, it is exposed to the risk of changes in the underlying stock
price because it has part of the hedge in place but has not yet priced and sold the SEP. A desire to
limit this risk can possibly explain why issuers execute a large fraction of the hedge trade close to
the end of the pricing date.
In order to test the hypotheses that the issuers are or are not minimizing the price impact
while executing the hedge trades, we use a proxy for manipulation, large buys, that has previously
been used in the institutional trading literature. Campbell, Ramadorai, and Schwartz (2009) argue
that small institutional trades are intended to minimize price impact. Ben-David, Franzoni,
Landier, and Moussawi (2013) further assume that using “an algorithm to split trades defeats the
purpose of a manipulative trade” and use evidence of abnormal large buys (greater than $50,000)
at the end of calendar quarters to support their argument that hedge funds manipulate the market
prices of the stocks they hold.23 In addition, literature in market microstructure, both theoretical
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In untabulated results, we define the Large Buys as trades greater than $100,000 and obtain similar results.
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(for example, Bertsimas and Lo, 1998; Almgren and Chriss, 1999; Obizhaeva and Wang, 2013)
and empirical (for example, Griffiths, et.al., 2000; Obizhaeva, 2012), supports the argument that
investors minimize transaction cost through breaking large orders into small pieces, particularly
for stocks with large market capitalizations.
Using the large-trade proxy for manipulation, i.e. the Large Buy ratio, we aim to examine
whether the pre-trade hedging associated with SEPs is manipulative on the pricing dates. We first
construct a stock-day level variable “Large Buy”, which equals the fraction of dollar-measured
buy trades observed on the pricing dates that exceed the $50,000 (or $100,000) threshold during a
specified time interval, out of all dollar-measured buy trades. For each pricing date, we benchmark
the Large Buy ratio against the same ratio on the trading date with the closest order imbalance
(that is, the smallest absolute value of buys – sells) during the one-year period around the pricing
date, which we term the “Non-SEPs benchmark date.”24 The summary statistics in Table 7 show
that there is no difference between the average order imbalance on the SEPs’ pricing dates and the
Non-SEPs benchmark dates, and in the combined sample of SPARQS and STRIDES the standard
deviation of the difference in the order imbalances is only 0.01% of shares outstanding. On
average, the benchmark date occurs 1.52 trading days after the pricing date, and the standard
deviation of the difference in the timing of the pricing and benchmark dates is slightly less than 55
days. The results for the SPARQS and STRIDES separately are similar.
Next, we conduct an event study examining the Large Buys of the underlying stocks on the
SEPs pricing dates. The results are reported in Table 8. The first three rows of each panel present
the Large Buys on SEPs pricing dates, Large Buys on Non-SEPs benchmark dates, and the
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We also construct the Non-SEPs benchmark dates while restricting their order imbalances to be greater than those
on the SEPs pricing dates and obtain similar results.
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abnormal Large Buys for the SEPs underlying stocks during all trading hours (9:30 a.m. to 4:00
p.m.), the last one hour, the last 30 minutes, and the last 10 minutes respectively. The abnormal
large buy trades on the SEPs pricing dates are significantly positive, particularly during the last 30
minutes and last 10 minutes toward the close of trading. In unreported results we construct the
Non-SEPs benchmark days using the method described above, while restricting the order
imbalances on SEPs pricing dates to be less than those on Non-SEPs benchmark days, and find
similar results. These findings are consistent with the hypothesis that SEP issuers manipulate the
close price through their pre-hedging trades and provide one potential reason for the large
magnitude of the pricing-date price impact.

5 Conclusion
This paper is the first to document the existence and price impact of pre-trade hedging. We
find that SEPs’ underlying stocks experience surprisingly large returns on the SEP’s pricing dates.
For the SPARQS’ underlying stocks the average pricing date market-adjusted return is 76 basis
points, while for the STRIDES’ underlying stocks the average market-adjusted return is 143 basis
points. There is convincing evidence that these returns are due to the price impact of the trades in
the underlying stocks that the issuers execute in order to pre-hedge their liabilities on the SEPs.
These results provide evidence of an important interaction between the markets for equity
derivatives and their underlying stocks, in which stock trades placed in order to hedge derivatives
positions have important impacts on the prices of the underlying stocks. The existence and
importance of such interactions are questions that have been of long-standing regulatory and public
policy interest.
The cumulative signed order imbalances in the underlying stocks on the pricing dates are
on average approximately equal to our model-based estimates of the required delta hedge trades.
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Intraday analysis indicates that the stocks experience a surge in buying pressure in the last thirty
minutes on the pricing date, and that that half of the average increase in the stock prices occurs
during the last thirty minutes, consistent with pre-trade hedging immediately prior to the pricing
of the SEPs, which are priced at the close of trading.
A further analysis of the pattern of intraday trading investigates a potential reason for the
large pricing-date price impact of SEPs pre-hedging trades. We employ a proxy for manipulation
used in the prior literature on institutional trading, the large-buys ratio, and find a significantly
stronger intensity of large buy trades, especially during the last thirty and last ten minutes of
trading, as compared to other trading dates matched on order imbalances. This result is consistent
with the hypothesis that at least part of the price impact due to SEPs’ pre-hedging trades is
intentional. It joins the existing literature which documents end-of-day security price changes in
other contexts due to both hedging and manipulation.
One argument that has been offered in defense of pre-trade hedging is that if the issuer is
not permitted to profit from pre-trade hedging then the issuer will have to change the pricing of
the SEP in order to recover from the investor the profit that it would otherwise have obtained via
pre-trade hedging. Under some assumptions, e.g. a competitive market for SEPs, the resulting
increase in the issue price of the SEPs may be equal to the profit the issuer would have obtained
from pre-trade hedging. However, the limited number of large SEPs issuers might cause one to
question whether the market is perfectly competitive, and the limited knowledge and
sophistication of SEPs investors raises further doubts about this argument. For example,
Henderson and Pearson (2011) present evidence that the markups on several brands of SEPs are
so large that the SEPs’ expected returns are negative, while Egan (2016) shows that SEPs with
payoff functions that are dominated by those of other SEPs are successfully marketed to
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investors. Moreover, even if the SEPs market is sufficiently competitive that the net cost to the
investor is the same with and without pre-trade hedging, if the investor does not understand its
impact pre-trade hedging distorts the comparisons of SEPs to other investments.
The distortion of closing prices by some SEPs issuers likely has wider welfare
consequences beyond exploiting uninformed retail investors. Many participants in the economy
use closing prices in their trading strategies, and many portfolios are valued using closing prices.
Thus, the noise added to the stock prices may distort the trading and other decisions of other market
participants and impose a negative externality on them.
In addition, the price impact of pre-trade hedging leads researchers to underestimate the
extent to which retail SEPs are overpriced. Existing literature uses valuation models and closing
stock prices or stock index values to estimate the fair market values of SEPs and similar
instruments, without any adjustment for the possible price impact of pre-trade hedging. Further
development of the valuation models accounting for the price impact of pre-trade hedging would
provide better estimates of the extent to which SEPs and other similar financial instruments are
overpriced.
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Appendix A: Comparison to Obizhaeva’s Price Impact Estimates
Section 4 discusses the difference between our estimates of price impact for the SPARQS and
STRIDES and what one would expect given the estimates in Obizhaeva (2012). This appendix
explains how we computed the SPARQS and STRIDES price impact that one would expect based
on the results in Obizhaeva (2012).
In Obizhaeva (2012) the proportional price impact per unit of standard deviation for the 𝑖th
stock is given by (see Obizhaeva (2012) Equation (1))
𝑑𝑃𝑡,𝑖
𝑃𝑡,𝑖 ×𝜎𝑟,𝑖

= 𝜆̃ × (𝐼𝐵𝑆,𝑖 ×

𝑑𝑋𝑡,𝑖
𝐴𝐷𝑉𝑖

) + 𝑑𝑍̃𝑡,𝑖 ,

(1)

where 𝜎𝑟,𝑖 is the standard deviation of daily returns of the 𝑖 th stock, 𝜆̃ is the price impact
parameter, 𝐼𝐵𝑆,𝑖 is the trade direction indicator taking the value 1 for buy orders and 1 for sell
orders, 𝑑𝑋𝑡,𝑖 is the size of the trade in the 𝑖th stock, measured as the number of shares, 𝐴𝐷𝑉𝑖 is the
average daily volume in the 𝑖th stock, also measured in shares, and 𝑑𝑍̃𝑡,𝑖 models the random arrival
of new public information. Note that in equation (1) the trade 𝑑𝑋𝑡,𝑖 is scaled by average daily
volume, so that the right-hand side variable 𝑑𝑋𝑡,𝑖 ⁄𝐴𝐷𝑉𝑖 is the trade measured as the fraction of
shares outstanding. For her overall sample combining buy and sell orders in both NYSE/AMEX
and NASDAQ-listed stocks Obizhaeva (2012) estimates 𝜆̃ to be 0.30. For the subsamples of buy
(sell) orders in the NYSE/AMEX-listed stocks she estimates 𝜆̃ to be 0.87 (0.32), while for buy
(sell) orders in NASDAQ-listed stocks she estimates the parameter to be 0.87 (0.24).
Perhaps surprisingly, Obizhaeva (2012) finds that the price impact is generally larger for
stocks with higher trading volume.25 She also finds that for the overall sample the price impact of
buys is greater than that of sells. Specifically, she estimates the parameter 𝜆̃ from both buys and
sells for 10 different groups of stocks, determined by thresholds equal to the 30th, 50th, 60th, 70th,
75th, 80th, 85th, 90th, and 95th percentiles of average daily volume for NYSE-listed common
stocks. Her largest group (volume above the 95th percentile) seems to be the one that best matches

25

She offers the plausible explanation that buy orders amounting to say 1% of volume are not unusual for a lowervolume stock, but are unusual for a high-volume stock in which there is ordinarily a large flow of both buy and sell
orders. Thus, a buy order of 1% of daily volume in a high-volume stock carries more information.
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the underlying stocks of the SPARQS and STRIDES. For this group, the estimates of 𝜆̃ obtained
from buy orders in NYSE/AMEX-listed stocks is 2.37.26 We compare the estimated price impact
using Obizhaeva’s estimate of 𝜆̃ = 2.37 based on buy orders to our estimates because the issuers
must buy the underlying stocks to hedge the SPARQS and STRIDES.
To do this, we combine Obizhaeva’s estimate of 𝜆̃ = 2.37 with the characteristics of the
underlying stocks of the SPARQS and STRIDES in order to see what price impact is implied by
her estimate of 𝜆̃ = 2.37. Disregarding the random component 𝑑𝑍̃𝑡,𝑖 , for buy orders 𝐼𝐵𝑆,𝑖 = 1 and
equation (1) can be rewritten as
𝑑𝑃𝑡,𝑖
𝑃𝑡,𝑖

𝑑𝑋
= 𝜆̃ × 𝜎𝑟,𝑖 × 𝐴𝐷𝑉𝑡,𝑖 .

(2)

𝑖

Our summary statistics for the SPARQS and STRIDES in Table 3 indicate that the median
ratios of the proceeds to the market capitalizations of the underlying stocks are 0.096% and 0.085%
for the SPARQS and STRIDES, respectively. Multiplying by the typical elasticity of 0.4, the ratios
of the dollar amount of required hedging trade to market capitalization are 0.4 × 0.096% =
0.0384% and 0.4 × 0.085% = 0.0340% , respectively.

Letting 𝑀𝑖 denote the number of

outstanding shares for the 𝑖th underlying stock, in our sample the ratio (𝑃𝑖 × 𝑑𝑋𝑡,𝑖 )⁄(𝑃𝑖 × 𝑀𝑖 ) =
𝑑𝑋𝑡,𝑖 ⁄𝑀𝑖 is typically roughly 0.0384% or 0.0340% for the SPARQS and STRIDES, respectively.
Table 3 also reveals that the median values of daily turnover, defined as 𝐴𝐷𝑉𝑖 ⁄𝑀𝑖 , are 1.17% and
1.19% for the SPARQS and STRIDES, respectively. The price impact is then estimated as
𝑑𝑃𝑡,𝑖
𝑃𝑡,𝑖

𝑑𝑋
= 𝜆̃ × 𝜎𝑟,𝑖 × 𝐴𝐷𝑉𝑡,𝑖

(3)

𝑖

= 𝜆̃ × 𝜎𝑟,𝑖 ×

𝑑𝑋𝑡,𝑖
𝑀𝑖

𝑀

× 𝐴𝐷𝑉𝑖

(4)

𝑖

1

= 237 × 𝜎𝑟,𝑖 × 0.0384% × 1.17%

(5)

= 0.078 × 𝜎𝑟,𝑖

(6)

for the SPARQS and

See the estimates of 𝜆̃ for various sets of orders for the group “𝑎𝑑𝑣10” toward the top of Table 3 on p. 23 of the
July 5, 2012 version of Obizhaeva (2012).
26
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𝑑𝑃𝑡,𝑖
𝑃𝑡,𝑖

= 2.37 × 𝜎𝑟,𝑖 × 0.0340% ×

1
1.17%

= 0.069 × 𝜎𝑟,𝑖

(7)
(8)

for the STRIDES, respectively. If 𝜎𝑟,𝑖 ≈ 0.03 then these imply price impacts of somewhat above
20 basis points. A slightly lower value of 𝜎𝑟,𝑖 , which is more reasonable, implies a price impact of
about 20 basis points or less. In contrast, Table 4 shows an average pricing date return for the
combined sample of SPARQS and STRIDES of about 100 basis points. The reversal on event
date +1, which is a conservative measure of the price impact, is about 80 basis points.
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Figure 1: SPARQS’ Cumulative Intraday Returns and Net Buying Volume
Average intraday cumulative market-adjusted returns (left scale) and net buying volume (right scale) for
the SPARQS’ underlying stocks during 5-minute intervals on the pricing date. The market-adjusted returns
are computed relative to the return on the S&P Depositary Receipts (SPDRs, ticker symbol SPY). For each
5-minute interval, the return on the underlying stock is computed from (i) the price of a transaction that has
a time stamp that falls within the interval and is at or closest to the end of the interval, and (ii) the closing
price from the previous day. The SPDRs’ returns are computed similarly. Net buying volume is estimated
by classifying each trade as either a “buy” or “sell”. Trades that occur at or above (below) the prevailing
ask (bid) price are classified as “buy” (“sell”) trades. Trades inside the quotes are classified according to
the tick test, in which trades are classified “buys” if they occur on an uptick or zero uptick and “sells” if
they occur on downticks or zero downticks. Following the Lee and Ready (1991) algorithm, we exclude
all trades with special settlement conditions, and the prevailing quotes are computed from the most recent
eligible quotes five seconds prior to the trade price. The net buying volume for each 5-minute interval is
the sum of the buy and sell orders that have time stamps that fall within the interval, treating a sell as a
negative buy, and the cumulative net buying volume is the sum of the net buying volume for the current
interval and all previous intervals. Net buying volume is normalized by shares outstanding.
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Figure 2: STRIDES’ Cumulative Intraday Returns and Net Buying Volume
Average intraday cumulative market-adjusted returns (left scale) and intraday cumulative net buying
volume (right scale) for the STRIDES’ underlying stocks during 5-minute intervals on the pricing date.
The market-adjusted returns are computed relative to the return on the S&P Depositary Receipts (SPDRs,
ticker symbol SPY). For each 5-minute interval, the return on the underlying stock is computed from (i)
the price of a transaction that has a time stamp that falls within the interval and is at or closest to the end of
the interval, and (ii) the closing price from the previous day. Net buying volume is estimated by classifying
each trade as either a “buy” or “sell”. The SPDRs’ returns are computed similarly. Net buying volume is
estimated by classifying each trade as either a “buy” or “sell”. Trades that occur at or above (below) the
prevailing ask (bid) price are classified as “buy” (“sell”) trades. Trades inside the quotes are classified
according to the tick test, in which trades are classified “buys” if they occur on an uptick or zero uptick and
“sells” if they occur on downticks or zero downticks. Following the Lee and Ready (1991) algorithm, we
exclude all trades with special settlement conditions, and the prevailing quotes are computed from the most
recent eligible quotes five seconds prior to the trade price. The net buying volume for each 5-minute interval
is the sum of the buy and sell orders that have time stamps that fall within the interval, treating a sell as a
negative buy, and the cumulative net buying volume is the sum of the net buying volume for the current
interval and all previous intervals. Net buying volume is normalized by shares outstanding.
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Table 1: Annual Issues and Proceeds for Full Sample
Annual issues and proceeds for the sample of public structured equity products (SEPs) based on individual equities. Sample
observations come from data extracted from pricing supplements downloaded from the SEC’s EDGAR database. The sample period
covers the years 1994 through 2009. The table presents the full sample of publicly issued SEPs having clearly identified pricing dates,
and two subsamples of the SEPs having proceeds of at least $5 million and $10 million, respectively.
Annual Issues and Proceeds (in million $) of Publicly Registered SEPs
Proceeds ≥ $5 million

All Issues
Sample
Year
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
TOTAL

Number Issues

Total Proceeds

Number Issues

Total Proceeds

5
1
9
5
21
28
27
78
85
134
262
356
797
3,329
3,307
2,044
10,488

247
240
1,063
321
856
1,341
1,164
2,977
2,238
2,876
4,987
5,542
6,320
11,412
9,252
4,540
55,377

5
1
8
4
21
25
26
76
84
106
160
157
177
325
303
197
1,675

247
240
1,058
316
856
1,327
1,161
2,970
2,234
2,805
4,782
5,173
5,298
7,194
5,186
2,289
43,136
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Proceeds ≥ $10 million
Number
Issues
5
1
8
4
18
23
26
73
71
89
107
111
119
158
109
57
979

Total Proceeds
247
240
1,058
316
834
1,314
1,161
2,947
2,135
2,685
4,402
4,861
4,910
6,120
4,012
1,470
38,712

Table 2: Size and Industry Classification for Underlying Stocks
Descriptive statistics for the underlying stocks of the full sample of SEPs. Panel A provides the
percentages of the underlying stocks that fall into each market-capitalization quintile, and also
the largest decile. In Panel A, each underlying stock is assigned to a NYSE market capitalization
quintile or decile based on its market capitalization on the last day of the month immediately
preceding the SEP pricing date. Market capitalization is defined as the product of shares
outstanding and the last price, with both of these taken from the CRSP daily file. Panel B
presents the industry classification for each of the underlying stocks based on both the CRSP and
the COMPUSTAT 2-digit SIC codes. We map the SIC codes to ten industry portfolios based on
the Bureau of Labor Statistics classification scheme which is available at
http://www.osha.gov/pls/imis/sic_manual.html.
Panel A: Size quintile distribution of underlying stocks
Structured Product
Full Sample
All Issues, Proceeds >= $5 million
All Issues, Proceeds >= $10 million

Smallest
Quintile
1.27%
0.15%
0.16%

2
3.51%
0.84%
0.55%

3
6.93%
2.95%
1.64%

4
15.03%
8.68%
8.72%

Largest
Quintile
73.26%
87.38%
88.94%

Largest
Decile
54.29%
69.59%
71.42%

Panel B: Industry classification for underlying stock
SIC Division
Classification according to CRSP SIC
Agriculture
Mining
Construction
Manufacturing
Utility
Wholesale trade
Retail trade
Finance, Insurance and Real Estate
Services
Nonclassifiable
Total

Total Proceeds (million $)

Classification according to COMPUSTAT SIC
Agriculture
Mining
Construction
Manufacturing
Utility
Wholesale trade
Retail trade
Finance, Insurance and Real Estate
Services
Nonclassifiable
Total
42

Total Issues

1,103
5,148
510
28,571
3,869
178
3,445
7,524
5,024
5
55,377

3
1560
133
4853
663
38
725
1615
890
8
10488

374
4,828
510
26,514
5,427
139
3,606
7,440
4,255
2,284
55,377

95
1427
141
4673
737
24
810
1642
701
238
10488

Table 3: Descriptive Statistics of the SPARQS and STRIDES
Descriptive statistics for the underlying stocks of the SPARQS and STRIDES. The sample consists
of all SPARQS and STRIDES issues through 2009, with the except of one STRIDES based on an
index. (The last STRIDES was priced in August 2008 and issued in September 2008, prior to Bank
of America's acquisition of Merrill Lynch.) Issue-level details come from the pricing supplements
available from the SEC’s EDGAR database. Panel A presents the mean, median, maximum, and
minimum proceeds of the SEPs, the ratio of the issue proceeds to the market capitalization of the
underlying stock, and turnover of the underlying stock. Market capitalization is defined as the
product of the closing stock price and the number of shares outstanding on the date immediately
preceding the SEP’s pricing date. The daily turnover is measured as the ratio of the average daily
trading volume over the 21 trade days immediately preceding the pricing date divided by the shares
outstanding as of the day before the pricing date. The shares outstanding, price, and trading
volume data come from the CRSP daily file. Panel B provides the proportions of the underlying
stocks that fall into each market-capitalization quintile, and also the largest decile. In Panel B,
each underlying stock is assigned to a NYSE market capitalization quintile or decile based on its
market capitalization on the last day of the month immediately preceding the structured product
pricing date. Market capitalization is defined as the product of shares outstanding and the last
price, with both of these taken from the CRSP daily file.
Panel A: Issue Characteristics of the SPARQS and STRIDES
Proceeds (million $)

Ratio of Proceeds to
Market Cap

Daily Turnover

26
20
137
862

0.19%
0.10%
1.42%
0.00%

1.73%
1.17%
6.38%
0.38%

50
38
163
14

0.22%
0.09%
1.74%
0.02%

1.44%
1.19%
5.68%
0.24%

SPARQS: Sample Size = 124
Mean
Median
Maximum
Minimum
STRIDES: Sample Size = 49
Mean
Median
Maximum
Minimum

Panel B: Size Quintile Distribution of Underlying Stocks
Structured Product
SPARQS and STRIDES
SPARQS
STRIDES

Smallest
Quintile
0.00%
0.00%
0.00%

2
0.00%
0.00%
0.00%

3
1.16%
0.81%
2.04%
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4
12.72%
16.13%
4.08%

Largest
Quintile
86.13%
82.06%
93.88%

Largest
Decile
64.74%
60.48%
75.51%

Table 4: Average Returns of Underlying Stocks of the SPARQS and STRIDES Around the Pricing Dates
Average raw and market-adjusted returns of the underlying common stocks on and around the pricing dates of the SPARQS and
STRIDES. Dates are relative to the pricing dates, e.g. date 0 is the pricing date and date 𝑡 is the date 𝑡 days after (or before, if 𝑡 < 0)
the pricing date. Market-adjusted return are computed using the return on the CRSP value-weighted index, that is the market-adjusted
return for underlying stock 𝑖 on day 𝑡 is 𝑟𝑖,𝑡 − 𝑟𝑀,𝑡 , where 𝑟𝑀,𝑡 is the return on the CRSP value-weighted index on day 𝑡.
The first row of results in Panel A shows the average returns on the underlying stocks of the full sample of both SPARQS and STRIDES
from 5 days before to 5 days after the pricing date. The 𝑡 -statistics for the tests of the hypothesis that the average returns are equal to
zero are in parentheses below the average returns. The next two rows present the average market-adjusted returns on the underlying
stocks and the associated 𝑡 -statistics. After these the table presents the number of market-adjusted returns that are positive and negative
on each day. The last row provides the probability that the number of positive market-adjusted returns equals or exceeds the number of
positive market-adjusted returns reported in the table under the null hypothesis that the probability of a positive return is 0.5.
𝑛
Specifically, the probability reported for day 𝑡 is, 𝑃𝑟𝑜𝑏(𝑘 ≥ 𝑥𝑡 ) = ∑𝑛𝑘=𝑥 ( ) 𝑝𝑘 (1 − 𝑝)𝑛−𝑘 , where 𝑥𝑡 is the number of positive market𝑘
𝑛 𝑘
𝑛−𝑘
adjusted returns observed on day 𝑡, ( ) 𝑝 (1 − 𝑝)
is the probability of 𝑘 positive returns out of a total of 𝑛 returns, and 𝑝 = 0.5 is
𝑘
the probability of a positive return under the null hypothesis. In Panel A the sample size is 𝑛 = 173. Panels B and C present the
corresponding results for the subsamples of SPARQS and STRIDES, respectively
Panel A: Combined SPARQS and STRIDES (173 observations)
Day relative to pricing
date
Average return
t-statistic
Average mkt.-adj. return
t-statistic
Number mkt.-adj. ret. >0
Number mkt.-adj. ret. <0
Probability under 𝐻0

-5
0.0016
(0.70)
0.0001
(0.06)
87
86
0.5000

-4
0.0024
(1.15)
0.0025
(1.38)
93
80
0.1808

-3
0.0034
(1.66)
0.0029
(1.74)
88
85
0.4396

-2
0.0008
(0.37)
0.0006
(0.32)
84
89
0.6758

-1
0.0004
(0.20)
0.0015
(0.86)
94
79
0.1436
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0
0.0103
(4.94)
0.0095
(5.16)
112
61
0.0001

1
-0.0079
(-4.33)
-0.0074
(-4.68)
58
115
1.0000

2
0.0003
(0.15)
-0.0012
(-0.78)
84
89
0.6758

3
-0.0009
(-0.45)
-0.0021
(-1.23)
81
92
0.8192

4
0.0008
(0.37)
0.0007
(0.37)
90
83
0.3242

5
0.002
(1.21)
0.0019
(1.47)
90
83
0.3242

Table 4 (cont.)
Panel B: SPARQS (124 observations)
Day relative to pricing
date
Average return
t-statistic
Average mkt.-adj. return
t-statistic
Number mkt.-adj. ret. >0
Number mkt.-adj. ret. <0
Probability under 𝐻0

-5
0.0018
(0.71)
-0.0002
(-0.09)
63
61
0.4642

-4
0.0018
(0.76)
0.0025
(1.24)
67
57
0.2095

-3
0.0012
(0.53)
0.0017
(0.87)
59
65
0.7351

-2
0.0004
(0.14)
0.0003
(0.13)
63
61
0.4642

-1
0.0036
(1.54)
0.0043
(2.16)
70
54
0.0889

0
0.0079
(3.7)
0.0076
(3.9)
78
46
0.0026

1
-0.0058
(-3.01)
-0.0055
(-3.22)
44
80
0.9996

2
0.0009
(0.40)
-0.0009
(-0.51)
60
64
0.6732

3
-0.0016
(-0.71)
-0.0031
(-1.45)
57
67
0.8384

4
0.0017
(0.75)
0.0014
(0.71)
64
60
0.3939

5
0.0031
(1.63)
0.0030
(2.02)
71
53
0.0633

Panel C: STRIDES (49 observations)
Day relative to pricing
date
Average return
t-statistic
Average mk.t-adj. return
t-statistic
Number mkt.-adj. ret. >0
Number mkt.-adj. ret. <0
Probability under 𝐻0

-5
0.0009
(0.20)
0.0001
(0.02)
24
25
0.6123

-4
0.0039
(0.9)
0.0023
(0.62)
26
23
0.3877

-3
0.0088
(2.11)
0.0060
(1.86)
29
20
0.1264

-2
0.0019
(0.55)
0.0013
(0.47)
21
28
0.8736

-1
-0.0075
(-1.76)
-0.0054
(-1.49)
24
25
0.6123

45

0
0.0161
(3.28)
0.0143
(3.41)
34
15
0.0047

1
-0.0131
(-3.17)
-0.0119
(-3.53)
14
35
0.9993

2
-0.0014
(-0.38)
-0.0018
(-0.67)
24
25
0.6123

3
0.0010
(0.28)
0.0001
(0.05)
24
25
0.6123

4
-0.0015
(-0.29)
-0.0011
(-0.26)
26
23
0.3877

5
-0.0008
(-0.26)
-0.0011
(-0.45)
19
30
0.9573

Table 5: Regressions of Order Imbalance on Predicted Trade Size
Coefficient estimates and 𝑡-statistics from regressions of the pricing date order imbalances on the
predicted hedging trade size for the SPARQS and STRIDES. The dependent variable is the daily
order imbalance for the underlying stock on the pricing date of each SEP. For each SEP in the
sample, on the pricing date all trades are classified as “buys” or “sells” in accord with the method
of Lee and Ready (1991). Daily order imbalance is the total daily trading volume of buy orders
minus sell orders, and that difference is divided by CRSP shares outstanding. The independent
variable is the estimated trade size required to fully delta-hedge the SEPs issue computed as the
valuation model estimate of delta times the number of shares issued, normalized by CRSP shares
outstanding. The sample consists of 124 SPARQS and 49 STRIDES, for a total of 173 SEPs.
Coefficient Estimates and t-statistics (in parenthesis)
SPARQS
Intercept
Predicted Trade Size
𝑅2

0.3941
(-2.325)
0.6604
(-5.096)
0.175

STRIDES
0.1499
(-0.456)
0.9018
(-4.181)
0.275

0.8435
(-8.05)
0.139
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0.9579
(-5.45)
0.272

Combined
SPARQS and
STRIDES
0.3141
(-2.064)
0.7467
0.8829
(-6.728) (-9.798)
0.21
0.19

Table 6: Average Returns of Underlying Stocks Around the Pricing Dates (Full Sample)
Average raw and market-adjusted returns of the underlying common stocks on and around the pricing dates of the SEPs. Dates are
relative to the pricing dates, e.g. date 0 is the pricing date and date 𝑡 is the date 𝑡 days after (or before, if 𝑡 < 0) the pricing date. Excess
returns are computed using the return on the CRSP value-weighted index and the S\&P 500 index, that is the excess return for underlying
stock 𝑖 on day 𝑡 is 𝑟𝑖,𝑡 − 𝑟𝑀,𝑡 , where 𝑟𝑀,𝑡 is the return on the CRSP value-weighted index or the S&P 500 index on day 𝑡.
Panel A: Extended Sample, Proceeds ≥ $5 million (1,816 observations)
Day relative to pricing date
Raw return
t-statistic
Excess return (CRSP Value
Weighted)
t-statistic
Excess return (S&P 500)
t-statistic

-5
0.0006
(0.77)

-4
-3
0.0012 0.0003
(1.75) (0.49)

-2
-0.0003
(-0.40)

-1
-0.0012
(-1.68)

0
1
0.0031 -0.0016
(4.31) (-2.52)

2
-0.0013
(-2.11)

3
-0.0005
(-0.83)

4
-0.0001
(-0.10)

5
-0.0007
(-1.03)

0.0003
(0.49)
0.0005
(0.8)

0.0007 0.0001
(1.22)
(0.2)
0.0009 0.0003
(1.53) (0.56)

-0.0007
(-1.24)
-0.0006
(-1.05)

-0.0008
(-1.23)
-0.0007
(-1.12)

0.0018 -0.0014
(2.92) (-2.69)
0.0019 -0.0011
(3.11) (-2.13)

-0.0013
(-2.40)
-0.0011
(-2.04)

-0.0008
(-1.60)
-0.0006
(-1.20)

-0.0005
(-0.91)
-0.0004
(-0.73)

-0.0002
(-0.44)
-0.0001
(-0.13)

Panel B: Extended Sample, Proceeds ≥ $10 million (1,024 observations)
Day relative to pricing date
Raw return
t-statistic
Excess return (CRSP Value
Weighted)
t-statistic
Excess return (S&P 500)
t-statistic

-5
0.0004
(0.46)

-4
-3
0.0012 0.0014
(1.42) (1.61)

-2
-0.0008
(-0.90)

-1
0.0001
(0.13)

0
1
0.0045 -0.0024
(5.05) (-2.97)

2
-0.0021
(-2.80)

3
0.001
(1.3)

4
0.0008
(0.89)

5
0.0011
(1.45)

0.0003
(0.37)
0.0005
(0.58)

0.0006 0.0007
(0.83) (0.92)
0.0007 0.0009
(0.98) (1.21)

-0.0011
(-1.30)
-0.0009
(-1.10)

-0.0001
(-0.08)
-0.0000
(-0.02)

0.0036 -0.0022
(4.67) (-3.15)
0.0038 -0.002
(4.86) (-2.84)

-0.0021
(-3.17)
-0.0019
(-2.92)

0.0004
(0.63)
0.0006
(0.87)

0.0006
(0.88)
0.0008
(1.11)

0.0006
(0.9)
0.0007
(1.1)
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Table 7: Summary Statistics of Order Imbalances on the Pricing and Benchmark Dates
Summary statistics of order imbalances on the SEPs’ pricing dates and matched Non-SEP
benchmark dates. For each SEPs pricing date, the nearest matching benchmark date consist of the
trading date within one year of the SEP pricing date for which the order imbalance is closest to the
pricing date order imbalance. Net Buys are estimated by classifying each trade as either a “buy”
or “sell” using to Lee-Ready (1991) algorithm, and are expressed as a percentage of shares
outstanding on the date. The table also reports statistics describing the difference in timing,
measured in days, between the pricing and benchmark dates.
Panel A: SPARQS and STRIDES combined (173 observations)
Mean Pricing Date Net Buys (% of shares outstanding)
Mean Benchmark Date Net Buys (% of shares outstanding)
Mean difference in Net Buys (% of shares outstanding)
Maximum difference in Net Buys (% of shares outstanding)
Minimum difference in Net Buys (% of shares outstanding)
Std. dev. of difference in Net Buys (% of shares outstanding)
Mean diff. in timing between pricing and benchmark date (days)
Max. diff in timing between pricing and benchmark date (days)
Min diff in timing between pricing and benchmark date (days)
Std. dev. of diff. between pricing and benchmark date (days)
Panel B: SPARQS (124 observations)
Mean Pricing Date Net Buys (% of shares outstanding)
Mean Benchmark Date Net Buys (% of shares outstanding)
Mean difference in Net Buys (% of shares outstanding)
Maximum difference in Net Buys (% of shares outstanding)
Minimum difference in Net Buys (% of shares outstanding)
Std. dev. of difference in Net Buys (% of shares outstanding)
Mean diff. in timing between pricing and benchmark date (days)
Max. diff in timing between pricing and benchmark date (days)
Min diff in timing between pricing and benchmark date (days)
Std. dev. of diff. between pricing and benchmark date (days)
Panel C: STRIDES (49 observations)
Mean Pricing Date Net Buys (% of shares outstanding)
Mean Benchmark Date Net Buys (% of shares outstanding)
Mean difference in Net Buys (% of shares outstanding)
Maximum difference in Net Buys (% of shares outstanding)
Minimum difference in Net Buys (% of shares outstanding)
Std. dev. of difference in Net Buys (% of shares outstanding)
Mean diff. in timing between pricing and benchmark date (days)
Max. diff in timing between pricing and benchmark date (days)
Min diff in timing between pricing and benchmark date (days)
Std.dev. of diff. between pricing and benchmark date (days)
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0.14%
0.14%
0.00%
0.07%
0.05%
0.01%
1.52
100
98
54.64
0.13%
0.13%
0.00%
0.07%
0.05%
0.01%
3.92
100
98
55.61
0.17%
0.17%
0.00%
0.06%
0.02%
0.01%
4.32
98
-95
52.30

Table 8: Large Buys on the Pricing and Benchmark Dates
Average abnormal Large Buys on the SEPs’ pricing dates. Large Buy is defined as the fraction of
dollar-measured buy trades observed during a specified time period that exceed a $50,000
threshold out of all dollar-measured buy trades. The abnormal Large Buys are computed by
subtracting the fraction of Large Buys on a benchmark date from the fraction of Large Buys on
the pricing date, where the benchmark date consists of the date within one year of the pricing date
that has the most closely matching order imbalance. The first two rows in each panel report the
average fractions of Large Buys during several periods on the pricing and benchmark dates,
respectively. The next row reports the average abnormal Large Buys for the underlying stocks
during the same periods. Below the abnormal Large Buys are the standard deviations of the
abnormal Large Buys and t-statistics for the tests of the hypothesis that the average abnormal Large
Buys are equal to zero. The last two rows of each panel present the number of positive and negative
abnormal Large Buys.
Panel A: SPARQS and STRIDES Combined (173 observations)
All Trading hours

Last 1 Hour

Last 30 Minutes

Last 10 Minutes

Large Buys on pricing dates

0.4319

0.4590

0.4821

0.5317

Large Buys on benchmark dates

0.4200

0.4229

0.4380

0.4594

Average abnormal Large Buys

0.0119

0.0346

0.0426

0.0706

Std.dev. of Abnorm. Large Buys

0.0822

0.1370

0.1416

0.1986

t-statistic

(3.33)

(3.95)

(4.68)

Number > 0

(1.90)
97

105

111

114

Number < 0

76

68

62

59

Panel B: SPARQS (124 observations)
All Trading hours

Last 1 Hour

Last 30 Minutes

Last 10 Minutes

Large Buys on pricing dates

0.4205

0.4484

0.4725

0.5277

Large Buys on benchmark dates

0.4023

0.4087

0.4292

0.4548

Average abnormal Large Buys

0.0182

0.0378

0.0415

0.0714

Std.dev. of Abnorm. Large Buys

0.0862

0.1389

0.1479

0.1876

t-statistic

(2.36)

(3.03)

(3.13)

(4.24)

Number > 0

74

75

78

81

Number < 0

50

49

46

43

Trading hours

Last 1 Hour

Last 30 Minutes

Last 10 Minutes

Large Buys on pricing dates

0.4595

0.4849

0.5054

0.5416

Large Buys on benchmark dates

0.4632

0.4583

0.4597

0.4710

Average abnormal Large Buys

0.0036
0.0702

0.0268

0.0451

0.0686

Std.dev. of Abnorm. Large Buys

0.1331

0.1259

0.2256

t-statistic

(-0.36)

(1.41)

(2.51)

(2.13)

Number > 0

23

30

33

33

Number < 0

26

19

16

16

Panel C: STRIDES (49 observations)

49

