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Does Option Trading Have a Pervasive Impact on Underlying Stock Prices?

ABSTRACT

The question of whether and to what extent option trading impacts underlying stock prices has
been a focus of intense interest since options began exchange-based trading in 1973. Despite
considerable effort, no convincing evidence for a pervasive impact has been produced. A recent
strand of theoretical literature predicts that rebalancing by traders who hedge their option
positions increases (decreases) underlying stock return volatility when these traders have net
written (purchased) option positions. This paper tests this prediction and finds a statistically and
economically significant negative relationship between stock return volatility and net purchased
option positions of investors who are likely to hedge. Hence, we provide the first evidence for a
substantial and pervasive influence of option trading on stock prices.



1. Introduction

Ever since individual equity options began trading in 1973, investors, exchange officials,
and regulators have been concerned that underlying stock prices would be impacted.! Despite a
substantial effort to identify such impact and the existence of a strand of theoretical literature
modeling the effects of option hedge rebalancing on underlying stock prices, little evidence has
been produced that option trading influences the prices of underlying stocks. Indeed, the only
convincing evidence that option activity alters underlying stocks involves stock price deviations
right at option expiration. The present paper investigates whether option market activity has a
substantially more pervasive influence on underlying stock prices.

A first strand of research on the impact of option trading on underlying stocks examines
whether option introduction generates a one-time change in stock price level. Earlier papers by
Conrad (1989) and Detemple and Jorion (1990) indicate that option introduction produces an
increase in the level of underlying stock prices. These findings, however, do not appear to be
robust. Sorescu (2002) and Ho and Liu (1997) show that in a later time period stock prices
decrease upon option introduction. Most recently, Mayhew and Mihov (2004) find that the price
level effects disappear when benchmarked against the price changes of matched firms that do not
have options introduced.

A second strand of research investigates whether option activity causes systematic
changes in the prices of the underlying stocks at option expiration dates. An early CBOE (1976)
report does not find evidence of abnormal underlying stock price behavior leading up to option
expiration. Using small samples, Klemkosky (1978) documents negative returns on underlying

stocks in the week leading up to expiration and positive returns in the week after expiration while

' See Whaley (2003) for an account of the early period of exchange traded options.
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Cinar and Vu (1987) find that the average return and volatility of optioned stocks on the
Thursday to Friday of expiration week are largely the same as from the Thursday to Friday of
non-expiration weeks. Ni, Pearson, and Poteshman (2005), on the other hand, provide strong
evidence that the prices of optioned stocks cluster at strike prices—and therefore are altered—on
option expiration dates.

A final strand of research on the impact of individual equity options examines whether
options produce pervasive changes in underlying stock prices movements—changes not limited
to the times that options are introduced or expire. Bansal, Pruitt, and Wei (1989), Conrad
(1989), and Skinner (1989) all find that being optioned yields a decrease in the volatility of
underlying stock prices. However, Lamoureux and Panikkath (1994), Freund, McCann, and
Webb (1994), and Bollen (1998) demonstrate that the apparent decrease in volatility is probably
rooted in the fact that exchanges tend to introduce options after increases in volatility. In
particular, they show that the decrease in volatility that occurs after option introduction is also
observed in samples of matched control firms that lack option introduction.

All in all, the literature contains little evidence that option trading has a significant impact
on underlying stock prices. The only compelling evidence that stock prices are altered is limited
to expiration dates. Specifically, Ni, Pearson, and Poteshman (2005) document that the prices of
optionable stocks (i.e., stocks with exchange-traded options) tend to cluster at option strike prices
on option expiration dates, and show that stock trading undertaken by option market participants
in order to keep their portfolios hedged as the deltas of their expiring option positions change
rapidly as the remaining time to expiration shrinks to zero is a major driver of this stock price

clustering.” Avellaneda and Lipkin (2003) model this mechanism, focusing on the role of the

? The delta of an equity option is the change in its value per unit increase in the value of the underlying stock.

2



time derivatives of option deltas. These are large for options that are near the money and close
to expiration, and have signs depending upon whether the options are purchased or written. Due
to these time derivatives, as time passes delta-hedgers who have net purchased (written) option
positions will sell (buy) stock when the stock price is above the option strike price and buy (sell)
stock when the price is below the strike price, tending to drive the stock price toward the option
strike price. As documented by Ni, Pearson, and Poteshman (2005), this causes clustering (de-
clustering) at option expiration when delta-hedging option market participants have net
purchased (written) positions in options on an underlying stock.

The finding that re-hedging of option positions just before expiration produces
measurable deviations in stock price paths leads naturally to the question of whether re-hedging
away from expiration also changes stock price movements. In the theoretical literature, Jarrow
(1994), Frey and Stremme (1997), Frey (1998), Platen and Schweizer (1998), Sircar and
Papanicolaou (1998), Frey (2000), and Schonbucher and Wilmott (2000) model the effect of the
delta-hedging of derivative positions on underlying assets that are not perfectly liquid. The key
result in this literature is that dynamic trading strategies that replicate purchased option positions
(i.e., positions that have convex payoffs) involve buying the underlying asset after its price has
increased and selling it after its price has decreased. This pattern of buying and selling causes
the underlying asset to be more volatile than it otherwise would have been and may even
exacerbate large movements in the price of the underlying asset. The models also imply that
dynamic trading strategies that replicate written option positions (i.e., positions that have
concave payoffs) will cause volatility to be lower than it otherwise would have been. The
gamma of an option is its change in delta per unit increase in the underlying asset, and the

gamma of purchased (written) options is positive (negative). The specific prediction of the



theoretical models is formulated in terms of option gamma. In particular, the models predict that
when the gamma of the net option position on an underlying stock of delta-hedging investors is
positive (negative), hedge re-balancing will reduce (increase) the volatility of the stock. This
prediction has not yet been empirically tested.

We investigate whether the net gamma of delta-hedging investors is indeed negatively
related to the volatility of the underlying stock by using a dataset that allows us to compute on a
daily basis for each underlying stock the gamma of the net option position of likely delta
hedgers. We indeed find a highly significant negative relationship between the gamma of the net
option position of likely delta-hedgers and the absolute return of the underlying stock. The
finding is robust to controlling for persistence in stock volatility and also for the possibility that
the option positions of likely delta-hedgers are changed as the result of investors trading options
to profit from information about the future volatility of underlying stocks. In addition, the
finding is present for large and small underlying stocks, in the first and second half of our sample
period, when we define likely delta hedgers to include firm proprietary traders in addition to
market makers, and when we exclude the week of option expiration from our analysis. Hence,
we provide evidence that option market activity has a pervasive impact on the price paths of
underlying stocks. In particular, the impact is not limited to times very close to option
expiration.

Furthermore, the effect is economically significant. The average daily absolute return of
the stocks in our sample is 310 basis points and a one standard deviation shock to the gamma of
the net option position variable is associated with a 37 basis point change in absolute return.

Consequently, we estimate that on the order of 12 percent (=37/310) of the daily absolute return

3 Cetin, Jarrow, Protter, and Warachka (2006) carry out empirical work examining the effects of stock illiquidity on
option prices for five different stocks, but do not address the impact of option hedging on stock prices.
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of optioned stocks can be accounted for by option market participants re-balancing the hedges of
their option positions.

In order for it to be plausible that the stock trading from hedge re-balancing has a non-
negligible influence on underlying stock price paths, the volume of this trading should have a
non-trivial impact on total stock volume. Thus, as a check on the reasonableness of our results
we investigate the relationship between these volumes by regressing total daily stock volume on
a measure of the stock volume due to hedge re-balancing and a number of control variables. We
find that the coefficient on the hedge re-balancing volume is significantly positive and that a one
standard deviation shock to this volume is associated with a change in total volume equal to 14
percent of its average value. Hence, it seems quite possible that the stock volume associated
with hedge re-balancing is large enough to produce non-trivial stock price changes.

Our results shed light on the literature that investigates whether option introduction (i.e.,
the existence of option trading) leads to an overall increase or decrease in the variability of
underlying stocks. As noted above, this literature finds that with proper benchmarking no overall
increase or decrease in volatility is detectable. We show, by contrast, that volatility increases or
decreases depending upon the sign of the net gamma of delta-hedging investors. Consequently,
even though option trading does change the variability of underlying stocks, it is not surprising
that there is no evidence of an unconditional increase or decrease of volatility associated with
option trading.

The remainder of the paper is organized as follows. Section 2 develops our empirical
predictions. The third section describes the data. Section 4 presents the results, and Section 5

briefly concludes.



2. Empirical Predictions

Dynamic trading strategies that involve replicating or delta-hedging options require
buying or selling the underlying asset as the delta of the option or options portfolio changes.
Unless the underlying asset is traded in a perfectly liquid market, such trading will lead to
changes in the price of the underlying asset. Both intuitive arguments and a number of
theoretical models imply that this trading due to hedge rebalancing will either increase or
decrease the volatility of the underlying asset, depending upon the nature (positive or negative
gamma) of the option positions that are being hedged. This section develops the main testable
prediction about the relation between the net positions of delta-hedging option investors and the
volatilities of underlying stocks.

Letting V(t, S) denote the value of an option or options portfolio, recall that the delta is
A(t, S)= dV(t, S)/3S and the gamma is ['(t, S) = dA(t, S)/0S = &*V(t, S)/8S>. Consider an option
market maker who has written options and wants to maintain a delta-neutral position, that is he
or she wants the delta of the combined position of options and the underlying stock to be zero.
Because the option position consists of written contracts, its gamma is negative, and to maintain
delta-neutrality the market maker must buy the underlying stock when its price increases and sell
it when its price decreases. Similarly, the trading strategy to delta-hedge a positive-gamma
options position (purchased options) requires selling the underlying asset after its price has
increased and buying it after its price has decreased. Intuition suggests that if the gamma of the
aggregate position of market makers and other delta-hedgers is negative, then the trading due to
hedge rebalancing (buying if the stock price increases, and selling if it decreases) will have the
effect of increasing the volatility of the underlying stock. Conversely, if the gamma of the

aggregate position of market makers and other delta-hedgers is positive, then the trading due to



hedge rebalancing (selling if the stock price increases, and buying if it decreases) will have the
effect of reducing the volatility of the underlying stock. This reasoning predicts that the
volatility of the underlying stock will be negatively related to the gamma of the aggregate option
position of the option market makers and any other delta hedgers.

As briefly mentioned in the introduction, the possible effects of the stock trading
stemming from hedge rebalancing have been the focus of a strand of the theoretical literature.
Consistent with the intuition above, a number of models have the implication that unless the
market for the underlying asset is perfectly liquid the associated trading will cause the volatility
of the underlying asset to be greater than or less than it would have been in the absence of such
trading, depending on whether the gamma of the aggregate option position of the delta-hedgers is
less than or greater than zero. Below we briefly summarize the results of several models that
provide explicit formulas showing the effect of hedge rebalancing on volatility. As expected, in
these models the gamma of the position being delta-hedged plays the key role. Another benefit
of looking at these explicit formulas is that they also provide guidance for the empirical work
about how to normalize the gammas of the option positions so that they are comparable across
firms.

These models are built so that in the special cases of no delta hedgers the price dynamics
of the underlying asset specialize to the usual geometric Brownian motion with constant
instantaneous volatility o that underlies the Black-Scholes-Merton analysis. When there are
delta hedgers, the instantaneous volatility is of the form

volatility = v(e)o;,
where o is a constant and the arguments of the scaling function v include the gamma of the delta

hedgers’ aggregate option position.



Frey and Stremme (1997), Sircar and Papanicolaou (1998), and Schénbucher and
Wilmott (2000) analyze essentially the same model, with different focuses and emphases. In this
model there are “reference traders” whose demands are driven by an underlying Brownian
motion and are decreasing in the price of the underlying asset, and also “program traders” who
follow a pre-specified dynamic trading strategy that can be interpreted as the strategy to delta-
hedge an option position. When the demand functions and other assumptions are chosen so that
the model reduces to geometric Brownian motion and the Black-Scholes-Merton model in the

special case of no program traders, the form of the scaling function v is*

v(t,S)

1+ A(t,S)/M _q [H(S/'\")r(tﬁ)j, ey

:1+A(t,S)/M +(S/M)I(,S) 1+A(t,S)/M

where M is the number of shares of stock outstanding, S is the price per share, V(t, S) is the
value of the options position of the delta-hedgers, and A = dV(t, St)/dS and T’ = 6°V(t, S)/0S” are
the delta and gamma of the delta-hedgers’ aggregate option position.

Platen and Schweizer (1998) describe a similar model in which the scaling function is’

1
T 1+(S/)I(,S)’

v(t,S) (2)

where yis a parameter that appears in the demand function. In this model it seems natural to
assume that the demand parameter is proportional to the number of shares outstanding, i.e. that

7=M/a, where & is constant.® Making this assumption, the scaling function in (2) becomes

* See equation (24) on p. 55 of Sircar and Papanicolaou (1998), the definition of p in terms of § on page 51, and the
meaning of §on p. 50. The signs on A and I" differ from those that appear in Sircar and Papanicolaou (1998)
because here the symbols A and T represent the partial derivatives of the delta hedgers’ aggregate option position,
while the results in Sircar and Papanicolaou are expressed in terms of the trading strategy in shares. (The hedging
strategy involves a position of —A shares.)

> This is based on equation (2.7) of Platen and Schweizer (1998), where we have used the fact that 8&/6(log s) =
S(0&/0s) and also adjusted the equation to reflect the fact that equation (2.7) of Platen and Schweizer (1998) provides
the volatility rather than the scaling function v.
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v(t,S) = . 3
(£:5) 1+ a(S/M)I(L,S) @
Finally, Frey (2000) presents a simple model in which the scaling function is
1
V(t,S) =— s 4)
1+ pSI'(1,S)

where the parameter p measures the sensitivity of the stock price to the trades stemming from
hedge rebalancing. In this case, it seems reasonable to assume that p is inversely proportional to
the shares outstanding, i.e., that it can be written as p= /M. Doing this, the scaling function in

(4) becomes

1
1+ AS/M)O(,S)

v(t,S) (5)

Recalling that the instantaneous volatility is given by the product v(t,S) o, the main
testable prediction that comes from these analyses is that hedge rebalancing will impact the
variability of the returns of the underlying stocks. In particular, there will be a negative
relationship between the net gamma of delta-hedging investors’ option positions on an
underlying stock and the variability of the stock’s return. Notably, in all models I'(t, S) is either
the key or (except for the parameters) only determinant of the scaling function v. Further,
scaling by S/M is either part of the model (i.e., equation (1)), or a consequence of auxiliary
assumptions that seem natural (equations (3) and (5)).”  For these reasons, our empirical
analysis below focuses on the relation between gamma and stock return volatility using the
scaled gamma (S/M) I'(t, S). In the empirical work below we use the Black-Scholes model to

compute the net gamma of the hedge rebalancer’s option position on an underlying stock. We

% The demand function is equation (2.3) of Platen and Schweizer (1998).
7 Dimensional analysis also suggests scaling I'(t, S) by the ratio S/M. The units of A, T, S, and M are shares,
(shares)”/$, $/share, and shares, respectively, implying that the ratio (S/M)xI'(t, S) is dimensionless.
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also re-estimate the empirical models using option gammas from the OptionMetrics Ivy DB

database for the options for which these are available.

3. Data

The primary data for this paper were obtained from the Chicago Board Options Exchange
(CBOE). These data include several categories of daily open interest for every equity option
series that trades at the CBOE from the beginning of 1990 through the end of 2001. When
equity options on an underlying stock trade both at the CBOE and also at other exchanges, the
open interest data cover the option series on the underlying stock from all exchanges. If equity
options on an underlying stock are not traded at the CBOE, then they are not included in the data.

The data set contains four categories of open interest for each option series at the close of
every trade day: purchased and written open interest by public customers and purchased and
written open interest by firm proprietary traders. The categorization of investors as public
customers or firm proprietary traders follows the Option Clearing Corporation (OCC)
classification. Since the OCC assigns an origin code of public customer, firm proprietary trader,
or market maker to each side of every transaction, the CBOE data encompass all non-market
maker open interest. Investors trading through Merrill Lynch or E*trade are examples of public
customers while an option trader at Goldman Sachs who trades for the bank’s own account is an
example of a firm proprietary trader.

Daily returns, closing prices, volume, and number of shares outstanding are obtained for
the underlying stocks for which we have option data from the Center for Research in Securities
Prices (CRSP). For some analyses we use option gammas taken from the Ivy DB database

produced by OptionMetrics LLC.
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4. Results

In order to address the questions of whether rebalancing of delta hedges impacts stock
price paths and whether stock volume from delta-hedging is a non-trivial part of total stock
volume, we need daily measures of the net delta and net gamma of the option positions of likely
delta hedgers. This section of the paper begins by defining these measures and then goes on to

investigate the two questions in turn.

4.1. Net delta and gamma of likely delta-hedgers

The number of purchased and written positions on each option series is necessarily
identical. Consequently, at any point in time for any underlying stock, the net delta and net
gamma of the option positions on each option series (and, hence, on the options on any
underlying stock) from all investors is zero.

Some investors, however, are more likely than others to delta-hedge their option
positions. Cox and Rubinstein (1985) maintain that market makers are the option market actors
who are most likely to delta-hedge their net option positions on underlying stocks. They write:

... many Market Makers attempt to adhere quite strictly to a delta-neutral

strategy. However, a delta-neutral strategy usually requires relatively frequent

trading. As a result, it is not advisable as a consistent practice for investors with

significant transaction costs. While public investors fall into this category,

Market Makers do not. (p. 308)

Hull (2003, pp. 299, 309) similarly maintains that market makers and firm proprietary traders but
not public customers are likely to delta-hedge their net option positions. He explains that delta-

hedging is relatively more attractive to investors who hold large portfolios of options on an

underlying stock. These investors can delta-hedge their entire portfolios with a single transaction
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in the underlying stock and thereby offset the hedging cost with the profits from many option
trades. Delta-hedging by investors who hold only a small number of options on an underlying
asset, on the other hand, is extremely expensive. McDonald (2006) devotes an entire chapter of
his textbook to “Market making and Delta-Hedging.” Based on the widely held view that non-
public investors are the predominant delta-hedgers in the option market, our tests assume that
delta-hedging is concentrated either in market makers or in market makers plus firm proprietary

traders.

We denote by netDeIta:,t the net delta of investor group k’s option positions on an

underlying stock s at the close of trade date t. The investor group K is either market makers
(MM) or market makers plus firm proprietary traders (MM+Firm Prop), who together comprise
all non-public traders. Although we do not have data on market maker open interest, we do have
data on the purchased and written open interest of public customers and firm proprietary traders.

We use the fact that the sum of the market maker, public customer, and firm proprietary trader

open interest on any option series at any point of time must be zero to define netDeItai‘,t by

NS‘I . ) )
netDelta), =-100x Y [lk:MM (Openlnterest?4s"*-F™ " _ Openlnterest,"" ™ ")

s, .t s, j.t

= (6)

Purchased ,Public Written, Public
+Openlnterest_’; ' —Openlnterest. " =" ]XAS,W

where N, is the number of different options listed on stock s on trade date t, Openinterest;;, is

t
the number of contracts of open interest of type X (i.e., purchased or written) by investor class y
is the delta of the

on the jth of the N_, options on underlying stock s on trade date t, and A

st s, .t

jth option on underlying stock s on trade date t. The indicator function 1,_,,, takes the value 1 if
k=MM and zero otherwise. The factor of 100 appears because each option contract is for 100
shares of stock.
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We measure the net gamma of investor group K’s option positions on an underlying stock
s at the close of trade date t similarly to the way that we measure the net delta, except that we
normalize all net gamma variables by multiplying them by the trade day’s underlying stock price
and dividing by the number of shares outstanding in order to make the coefficient estimates

comparable across underlying stocks. In particular,

netGammay, =

Ns,t

~100%(S,, /M, )x > [lk:MM (Open Interest. " F™P% _ Openlnterest,’]y*" ™™ " ) (7)

j=1

n OpenInterestslTleftchased,Public _ Open | nterest;l\’/;i;ten,Public ]X rs,j,t

where I | is the gamma of the jth option on underlying stock s on trade date t, Ss; is the price

of stock s at time t, and Ms; is the number of shares outstanding. We will also need to measure
the net gamma at time t of investor group k’s time t—z option positions under the assumption

that the stock price did not change from its time t—7 value, S, _, and also under the assumption

that the stock price changed to its actual time t value, S,. We define the variable that measures
these quantities by

netGammaPriorPos; (S, ) =

st
NSt

_ 100 « (Ss,t / M o )>< z [lk:MM (Open | nterest Purchased ,FirmProp Open | n.terestWritten,Firm Prop ) (8)

s, j.t-7 s, j.t-7
=1

+ Open | nterest Purchased,Public Open | n.terestWritten,Public ]X rs,j,t (Ss,u )

s, j,t-7 s, jit-r

where T ;,(S;,) is the gamma at time t of the jth of the N *t__ options on underlying stock s

s,t—7
available on trade date t —7 that expire after t under the assumption that the time t stock price is
Ssu, U € {t,t —7}. When computing T ;,(S,,) all quantities other than possibly the stock price
(i.e., the time to expiration of the jth option, the risk free rate, and the volatility and dividend
rates of the underlying stock S) are at their time t values.
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In the empirical work below, we use Black-Scholes deltas and gammas as proxies for

A, ;. and T'g ;. When computing the Black-Scholes deltas and gammas, the riskfree rate is set

to day t’s continuously compounded, annualized 30 day LIBOR rate, the volatility of the
underlying asset is set to the annualized sample volatility from daily log returns over the 60
trading days leading up to t, and the dividend rate is set equal to the continuously compounded,
annualized rate that produces a present value of dividends over the interval from t to the
expiration of the option equal to the present value of the actual dividends paid over the interval.
The assumptions of the Black-Scholes model are violated in a number of ways (e.g., the
volatilities of the underlying stocks are not constant, there may well be jumps in the underlying
stock return process, and the options are American rather than European.) We believe the Black-
Scholes model provides adequate approximations to delta and gamma for our purposes. Any
noise in our estimates of delta and gamma should bias against finding significant results.
Nonetheless, as a robustness check we will use option gammas taken from the Ivy DB database
from OptionMetrics LLC in order to verify that our results are not being affected in any

important way by our use of the Black-Scholes model.

4.2. Impact of options on underlying stock price paths

Figure 1 is a bar chart that depicts average absolute stock return on day t+1 as a function
of market maker net option gamma on the underlying stock at the close of day t. We construct
Figure 1 in the following way. First, for each underlying stock for which there are data available
for at least 200 trade days, we use equation (7) to obtain at the end of each trade day the market
maker net option gamma. As discussed above, we then normalize this market maker net gamma

by multiplying by the trade day’s closing stock price and dividing by the number of shares
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outstanding. Next, we sort the stock’s daily normalized market maker net gamma into ten
equally sized bins and compute for each bin the stock’s average next day absolute return. The
height of each bin in the figure is the average of this quantity across underlying stocks.

Figure 1 makes it clear that there is a negative relationship between market maker net
option gamma and the variability of stock returns. Indeed, the negative relationship is monotonic
and economically meaningful: the average daily absolute return of the low net market maker
gamma group is 100 basis points greater than the average absolute return for the high net market
maker gamma group.® In addition, the results are very strong statistically. We do not, however,
report the results of statistical tests, because we recognize that there is a possible alternative
explanation for the negative relationship. In particular, if investors trade on volatility
information in the option market, then we would expect them to buy (sell) options when they
have information that the variability of underlying stocks is going to increase (decrease). As a
result, market makers will sell (buy) options and, therefore decrease (increase) the net gamma of
their positions before volatility increases (decreases). Our concern about this mechanism is
mitigated by Lakonishok, Lee, Pearson, and Poteshman’s (2006) finding that explicit volatility
trading through straddles, strangles, and butterflies constitutes a small fraction of option market
activity. Nonetheless, the evidence in Ni, Pan, and Poteshman (2006) that volatility information
trading is detectable from total option market demand for volatility leads us to develop a
specification that recognizes the possibility of informed volatility trading in the option market.

The key to this specification is the identification of changes in net option gamma that do
not result from investors buying or selling options on the basis of volatility information. We

isolate such changes by recognizing that part of the change in net option gamma of an investor

¥ The figure is similar if the market maker net gamma is not normalized or if market maker plus firm proprietary net
gamma is used in place of market maker net gamma.
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group from time t —7 to time t comes from changes in the gammas of the option positions held
by the investor group at t —z. Specifically, we recognize that the net gamma at time t can be

decomposed into the three components

netGamma;, = [netGammaPriorPosk’t’T(St) - netGammaPriorPosk"’f(SH)]

st st

©)

+netGammaPriorPos!; (S, ,) +| netGamma;, — netGammaPriorPos{; (S, |,
t-7 s,t ¢

s,t s,t

kt—7
s,t

(S,) —netGammaPriorPos! (S, .),

s,t

and include the three components netGammaPriorPos

kt—r
s,t

kt-7
st

netGammaPriorPos!; " (S,_,) , and netGamma;, —netGammaPriorPos;, " (S,) separately as

independent variables in our regression specifications.

The first component represents the change in the net option gamma of the positions that
were held by the investor group at t — 7 that is due to changes in the stock price from time t—7
to time t. Variation in this variable comes from the fact that the gamma of an option is greatest
(or smallest, for a written option) when the stock price is close to the option strike price, and
close to zero when the stock price is distant from the strike. Because a customer group’s net
option position will be different at different strikes, movement of the stock price toward or away
from a strike, or from the neighborhood of one strike to the neighborhood of another, leads to

variation in the variable netGammaPriorPos! " (S,) — netGammaPriorPos!!(S,_.). This

st st
variation allows us to identify the effect of hedge rebalancing on volatility, as follows.

First, the option positions that existed at t — 7 cannot have been established based on
volatility information trading subsequent to the close of trading at day t—7z. Hence, the change
in the investor group’s net gamma due to the changes in the gammas of these options cannot
result from volatility information trading between t—z and t. Furthermore, although volatility

information trading prior to t —7z may be responsible for some of the option positions held at
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t — 7, such volatility information trading is highly unlikely to induce a negative correlation

between the change in the gammas of the option positions between t— rand t,

kt-r
st

netGammaPriorPos’'* (S,) — netGammaPriorPos

st

(S,.,), and the absolute return |rg,+1|. In

order for some part of the correlation between | s,1+1| and the variable

kt-r
st

netGammaPriorPos’'* (S,) — netGammaPriorPos

ot (S,_,) to be due to volatility information

trading about |r| carried out on or prior to t — 7 it must be that some part of the private

information about volatility is realized prior to date t (and thus contributes to the changes S; — S;_;

k,t-r
st

k,t-r
st

and netGammaPriorPos; " (S,) —netGammaPriorPos; " (S, ,)) and some part of the private

volatility information is realized in the return |rs,i11], and this dependence between S; — Si—; and
re+1] 1s not captured by the lagged absolute returns used as controls. While this possibility cannot

be ruled out a priori, the scenarios that seem most likely suggest that the correlation between

k,t—r
st

(S,)—netGammaPriorPos!' " (S, )

private signals about volatility and netGammaPriorPos ot
will be positive, tending to bias the estimated coefficient on this variable toward zero and against

finding evidence that hedge rebalancing affects stock return volatility.”

For these reasons, the main variable in our specification is the variable

netGammaPriorPosk‘t”(Ss,t) — netGammaPriorPos! " (S,,_.), that is the change in the net gamma

st s,t st—r

between t—7 and t of option positions held by investor group K at time t —z that results from the

? Suppose that just prior to t — 7 some public customer (e.g., a hedge fund) obtains private information that volatility
will increase and buys a large number of near-the-money options in order to profit from the information. Market
makers will write these options, and the gamma of the net market maker position will be negative. Then if the
underlying stock price changes from S;_, to S; the change in the gamma will likely be positive, so that the change in
gamma netGammaPriorPos!; " (S,) — netGammaPriorPos! " (S, .) will be positively related to the customers’

st s,t
private information about |rs,+1|. Conversely, if a customer obtains private information that volatility will decrease
he or she will write options, the net market maker gamma will be positive, and the change in gamma due to a stock
price change from S;_, to S;. will likely be negative and thus positively correlated with the (negative) private
information about |rg1|.
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change in the underlying stock price from S, | to S,. Our specification has one time-series
equation for each underlying stock, and this main variable is the first one on the right hand side
of the following equation:

I

s,t+1

=a+ b[netGammaPriorPosk"‘T (S,)—netGammaPriorPos.; (S, )]

st s,t

s,t st

+¢ netGammaPriorPosy; " (S,_, ) +d [netGamma_lf,t —netGammaPriorPos; " (S, )]

(10)

+e + f

rS,t

fo|+h

AR

o] +k

AR

Iy | +m

rs,t—l‘ + g rs,t—4‘ + J rs,t—S‘

+n rs’t710‘+gs,t, s=1,..,N%t=1..,T.

rSH‘ +0

We will estimate the model (10) with zset equal to 3, 5, and 10 trade dates. Our primary
prediction is that the b coefficients are negative.

The second independent variable measures investor group k’s underlying stock s net
gamma 7 trade dates in the past. The delta-hedging effect also predicts that this variable’s
coefficient will be negative. However, a negative estimate for ¢ will not provide unambiguous
evidence that delta-hedging impacts underlying stock variability, because the volatility
information effect will also tend to make this coefficient negative. Of course, insofar as any
increase or decrease in volatility associated with volatility information trading appears and
disappears in fewer than 7 days, a negative C coefficient does in fact indicate that delta-hedging
effects stock price variability. We cannot, however, be certain of the horizon of volatility
changes predicted by volatility information trading. The third independent variable measures the
change in net gamma from t—z to t that results from the change in investor group k’s option
position on underlying stock S from t—7 tot. Since both the delta re-hedging and volatility
information stories predict a negative coefficient for this variable, a negative coefficient estimate
does not provide straightforward evidence for either. These second and third independent

variables also serve to control for volatility trading based on private information. The current
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and ten past daily lags of absolute returns control for well known clustering effects (i.e., GARCH
effects) in stock return variability.

We estimate all 2,308 equations simultaneously in a stacked regression, allowing
coefficients in each equation to be independently determined. We exclude stocks for which
there are fewer than 200 trade days for which observations on all of the variables are available.
Standard errors for the coefficient averages are clustered by date. Specifically, we first form a
covariance matrix V of all coefficients, clustered by date. We then derive the standard error for
the average directly from this covariance matrix as ZVE', where Z is chosen to construct the
arithmetic average of individual equation coefficients from the stacked coefficient vector. An
advantage of this approach is that standard errors are robust to the cross-sectional covariance
structure of the individual equation regression errors, which is of unknown structure.

Table 1 contains descriptive statistics on the absolute return variables |Iss and the

normalized net position gamma netGammaPosl‘,t for the two groups of likely delta hedgers, k =

MM and k = MM + Firm Prop. The descriptive statistics are first calculated for each underlying
stock and then the averages across the underlying stocks are reported. The average mean and
median absolute returns are 0.031 or 3.1% and 0.022 or 2.2%, respectively, and the average
minimum and maximum values are zero and 0.31 (31%). For market makers the average mean
value of the normalized net position gamma is 3.106 and the average standard deviation is 6.772.
The average means and standard deviations of the corresponding unnormalized variables are
9,993 and 19,058, respectively. For market makers plus firm proprietary traders, the average

mean and standard deviation are slightly larger. The average minimum and maximum values for

the netGammaPosS“f'tM variable are, respectively, —22.536 shares and 43.307, while the
corresponding quantities for the unnormalized net position gamma are —56,690 and 128,513. As
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one might expect, for market makers plus firm proprietary traders the average minimum and
maximum values are slightly more extreme.

Table 2 reports the results of estimating model (10) for the case k =MM and 7 =5 trade
days. An equation is included for each of the 2,308 underlying stocks for which there are at
least 200 trade days on which observations on all of the variables are available. The table reports
averages across underlying stocks of point estimates and t-statistics for the averages, where the t-
statistics are constructed from standard errors based on clustering by date as described above.
Hence, the t-statistics account for any cross-sectional correlation in the data.

The average of the coefficient estimates on the key right-hand side variable

k,t-7
s,t

netGammaPriorPos!; " (S, ) — netGammaPriorPos!; " (S,_,) is equal to —0.000543 and highly

st
significant, with a t-statistic of —7.624. The negative average coefficient indicates that there is a
negative relationship between market maker net gamma that is not rooted in volatility
information trading and the variability of the underlying stock price. Hence, the main prediction
from above is confirmed, and there is evidence that option market activity has a pervasive
influence on underlying stock price paths. Furthermore, the effect appears to be economically
significant. The average daily absolute return of the stocks in our sample is 310 basis points and
from Table 1 the standard deviation of the market maker normalized net position gamma is
6.772. Thus, a one standard deviation shock to the market maker net position gamma is
associated with a —0.000543%6.6772 = 36.8 basis points change in absolute return.
Consequently, we estimate that on the order of 11.8 percent (=36.8/310) of the daily absolute
return of optioned stocks can be accounted for by option market participants re-balancing the

hedges on their option positions.
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The average coefficients on the variables netGammaPriorPos.; " (S,_,) and

s,t

k,t-7
st

netGamma;, —netGammaPriorPos;; * (S, ) are also negative and significant. In both cases, the

negative estimates may come from the market makers delta hedging their option positions,
volatility information trading of non-market makers, or some combination of the two. Finally,
the current and lagged absolute stock return variables all have positive and significant coefficient
estimates, which is consistent with the well-known phenomenon of volatility clustering in stock
returns.

The fourth and fifth columns of Table 2 (the columns headed “Market Maker plus Firm
Proprietary Positions”) are based on the alternative assumption that both market makers and firm
proprietary traders delta-hedge their option positions. Thus, the three gamma variables in this
specification are computed using the combined option position of the market makers and firm
proprietary traders. As with the results using the market maker gammas, we estimate a time-
series equation for each of the 2,308 underlying stocks for which there are at least 200 trade days
on which observations on all of the variables are available and report in the table the means of
the 2,038 coefficient estimates and the associated t-statistics.

These results are very similar to those using the market maker gamma variables, with the
principal difference being that the magnitudes of the average coefficient estimates on the three

gamma variables are slightly smaller. For example, the average coefficient on the variable

k,t-7
s,t

netGammaPriorPos; " (S, ) — netGammaPriorPos!; " (S,_,) is —0.000476 (with t-statistic —6.861)

5.t
rather than —0.000543. There are similar small differences in the average coefficient estimates

on the other two gamma variables, while the average coefficient estimates on the lagged absolute
return variables are almost unchanged. The small decreases in the magnitudes of the coefficient

estimates on the gamma variables are consistent with the hypothesis that not all of the firm

21



proprietary delta-hedge and thus including their positions in the computation of the gamma
variables introduces some measurement error. Regardless, these results also indicate that there is

a negative relation between gamma and volatility that is not due to volatility information trading.

4.3 Analysis of subsamples

Ni, Pearson, and Poteshman (2005) present evidence that stock trading to rebalance
option market makers’ delta hedges of their option positions contributes to stock price clustering
on the option expiration Friday and the preceding Thursday, but find no evidence of any effect
prior to the expiration week. This raises the possibility that the negative relation between
volatility and gamma documented above is not pervasive but rather is driven by the observations
from option expiration dates or the immediately preceding trading days. This concern is
exacerbated by the fact that the gammas of options that are very close-to-the-money become
large as the remaining time to expiration shrinks to zero, implying that delta hedgers with
positions in such options may need to engage in considerable stock trading in order to maintain
their hedges.

Table 3 addresses this issue by presenting results for a sub-sample that excludes the data
from the expiration week. The regression specifications are identical to those that were used for
the results reported in Table 2, and the sample is identical except that the observations for which
the trade date t was from an option expiration week were dropped. This resulted in dropping
slightly less than 25 percent of the observations. Following the format of Table 2, Table 3
reports the averages across firms of the coefficient estimates of the time-series regressions for the

underlying stocks.
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The results in Table 3 are almost identical to those in Table 2. When the gammas are

computed using only market maker option positions the mean coefficient estimate for the key

k,t—-r
s,t

variable netGammaPriorPos!; * (S, ) — netGammaPriorPos.; * (S, . ) is —0.000535 (with t-statistic

st
—5.451) instead of the average of —0.000543 (t-statistic —7.624) reported in Table 2. The
average coefficient estimates for the other two gamma variables are also nearly unchanged.
When the gammas are computed using the positions of market makers plus firm proprietary
traders the situation is the same—the average coefficient estimates on the position gamma
variables reported in Table 3 are only very slightly different from the corresponding averages in
Table 2. The average coefficient estimates on the lagged absolute return variables also are little
changed. These results indicate that the relation between the gamma of delta hedgers’ option
positions and stock return volatility is pervasive and not limited to option expiration weeks.

Table 4 presents results for sub-samples based on a different time partition. In particular,
the second and third columns present the average coefficient estimates and associated t-statistics
from time-series regressions for each stock using data from the first half of the sample period
1990-1995, while the fourth and fifth columns present the average coefficient estimates and
associated t-statistics from the second half of the sample period 1996-2001. For both sub-
samples and all three net gamma variables the average coefficients are significantly different
from zero, consistent with the results in previous tables. However, the magnitudes of the
coefficient estimates from the 1990-1995 sub-sample are markedly smaller than those from the
entire sample period reported in Table 2, while those from the 1996-2001 sub-sample are

slightly larger than the corresponding coefficients in Table 2.'° A similar pattern in observed in

' The finding that that estimates based on the entire sample period are not close to a simple average of those from
the two subperiods should not be surprising. More stocks were optionable during the 1996-2001 time period than
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the average coefficient estimates on the lagged absolute return variables—the estimates from the
1990-1995 sub-sample are smaller than those for the entire sample period, while some of the
estimates for the 19962001 sub-sample are a bit larger than those for the entire sample period.
The differences between the results for the two sub-samples might arise either because the period
1990-1995 was one of generally low volatility, or because the characteristics of optionable
stocks changed due to growth in the number of optionable stocks during the early 1990’s.
Regardless, it remains the case that the average coefficients for all three position gamma
variables are significantly different from zero for both sub-samples.

Table 5 presents the results of estimating model (10) expressing the absolute return |Is,q+]
in terms of the components of the normalized net position gammas and lagged returns for the
subsamples of large firms and other firms, where the prior positions are those that were held 7=
5 days prior to date t. In each year a large firm is defined to be a firm that was among the 250
optionable stocks with greatest stock market capitalization as of December 31 of the previous
year. In the second column the average coefficient estimate for the key variable is —0.000492 (t-
statistic —3.728), similar to the corresponding average coefficient estimates in Tables 2—4.

Interestingly, the magnitude of the average coefficient estimate on the variable

k,t—-7
s,t

netGammas'f,t —netGammaPriorPos (St) measuring the change in position gamma stemming

from new option positions is now smaller, consistent with the hypothesis that there is less
volatility information trading in large stocks, though this may well be over-interpreting the
differences in the point estimates. Turning to the results for the other firms in the fourth column,

one can see that the magnitudes of the average coefficient estimates for the first and second

during the 1990-1995 period, so the computation of the mean coefficient estimates across firms has the effect of
placing more weight on the 1996-2001 period.
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position gamma variables are similar to the corresponding averages for the large firms.

However, the magnitude of the average coefficient estimate on the variable

k,t-7

ot (S,) measuring the change in position gamma stemming

netGamma;, — netGammaPriorPos

from new option positions is now larger, consistent with the hypothesis that there is more
volatility information trading in smaller stocks. However, again this may be over-interpreting
the differences in the point estimates. Regardless, the results in Table 5 indicate that the effect of

hedge rebalancing of stock return volatility is found in both large and small firms.

Section 4.4 Robustness to choice of lag length zand use of the Black-Scholes gammas

The primary results in Table 2 are based on a choice of 7= 5 days in constructing the
prior option positions. Such a choice is inherently somewhat arbitrary. Those results also are
based on option gammas from the Black-Scholes model, a simplification. This subsection
presents evidence that the results are robust to different choices.

Table 6 reports the results of re-estimating the regressions for which results are shown in
Table 2, but now defining the prior option positions to be those that existed 7 = 10 days
previously. Following the format of Table 2, the second and third columns headed “Market
Maker Positions” present the averages of the coefficient estimates from the stock time-series
regressions and the corresponding standard errors assuming market makers are the delta hedgers,
while the fourth and fifth columns head “Market Maker plus Firm Proprietary Positions” provide
the results assuming that both market makers and firm proprietary traders delta hedge their
options positions. Comparing the average coefficient estimates for the position gamma variables
shown in Table 6 to the corresponding averages in Table 2, one can see that the results are very

similar. For example, in the second columns the average coefficient on the key variable
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k,t—7

netGammaPriorPos!; *(S,) — netGammaPriorPos;; *(S,_,) changes from —0.000543 (t-statistic

=—7.624) to —0.000484 (t-statistic = —8.052), while in the fourth columns the average coefficient
on this variable changes from —0.000476 (t-statistic = —6.861) to —0.000418 (t-statistic =
—7.359). In addition, the average coefficient estimates for the absolute return variables are
almost unchanged. Unreported results based on a lag length of 7= 3 days are also similar to
those for the lag length of =35 days reported in Table 2.

The averages of the coefficients on the second gamma variable

netGammaPriorPos’; (S, .) are virtually unchanged, going from —0.000599 and —0.000534 in

st
the second and fourth columns of Table 2 to —0.000575 and —0.000507 in the second and fourth
columns of Table 6, respectively. This lack of change in the coefficient estimates when the lag
is increased from 5 to 10 days suggests that options positions established between t — 10 and t — 5
contain little private information about |rs,i+1|. Among the position gamma variables the largest
change occurs in the average coefficient estimate on the variable

netGammaPos!, — netGammaPriorPos’ " (S,), which changes from —0.001085 to —0.000851
st t g

st

for the case of “Market Maker Positions” and from —0.000950 to —0.000742 for the case of
“Market Maker plus Firm Proprietary Positions.” This variable measures the component of the
net gamma on day t that is due to option positions established after t — 7z, and the average
estimated coefficient reflects the fact that traders with information about |rs;| might open new
option positions during the period between t— 7 and t. The reduction in the magnitude of the
average estimated coefficient when the lag 7 is increased from five to ten days also suggests that

option trades between t — 10 and t — 5 contain much less information about |rst:;| than do option

trades between t — 5 and t. Regardless of these interpretations about the information contained in
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the second and third gamma variables, the important finding in Table 6 is that the average
coefficient estimate on the first position gamma variable is little affected by increasing the lag =
from five to ten days.

As mentioned above, the option position gammas that underlie the results in Tables 2—6
were computed using Black-Scholes gammas for the options that comprise the positions. Table
7 addresses the issue of whether the results are robust to using different estimates of individual
option gammas in computing the position gammas. The regressions for which results are
reported in Table 7 use position gammas that are computed using option gammas taken from the
OptionMetrics Ivy DB database when they are available, and Black-Scholes gammas when
OptionMetrics gammas are not available. OptionMetrics computes gammas using standard
industry practices: it uses the binomial model to capture the possibility of early exercise of
American options, the actual implied volatility of the option for which the gamma is being
computed, the term structure of interest rates, and estimates of the dividend yield on the
underlying stock and the future ex-dividend dates (OptionMetrics LLC 2005, pp. 27-28). Thus
the OptionMetrics gammas capture both the American feature of exchange-traded individual
equity options and the dependence of option implied volatilities on the option strike price and
time to expiration. A limitation of the OptionMetrics gammas is that they are not always
available. First, options that are well away-from-the-money frequently have quoted prices that
violate elementary arbitrage bounds. In such cases (specifically, when the bid-ask average
violates elementary arbitrage bounds) OptionMetrics is unable to compute the implied volatility,
and thus is unable to compute the option gamma. For our purposes this problem is not important
because the gammas of away-from-the-money options tend to be small regardless of the option-

pricing model used to compute them, and we can safely use Black-Scholes gammas in such
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cases. Second, the OptionMetrics data begin only in 1996, and thus are not available during the
first half of our sample period of 1990-2001. However, this problem is not as severe as it might
seem at first glance because the number of optionable stocks grew rapidly during the 1990’s.
Thus, most of our sample is from 1996 and later.

Table 7 presents the average coefficient estimates for the stock time-series regressions
and the corresponding standard errors for the two cases in which either market makers or market
makers plus firm proprietary traders are assumed to delta hedge their option positions using data
from the 19962001, the period for which the OptionMetrics gammas are available. The results
for market makers in the second and third columns of Table 7 correspond to the results for the
19962001 subsample in the fourth and fifth columns of Table 4. Comparing the average
coefficient estimates for the gamma variables displayed in Table 7 to the corresponding averages
in Table 4, one sees that the results are similar. For example, the average coefficient on the

variable netGammaPriorPos; *(S,) — netGammaPriorPos!; " (S,_,) changes from —0.000600

s,t

(t-statistic = —7.800) to —0.000507 (t-statistic = —12.863). The estimates for the lagged return
variables are also only slightly different. The fourth and fifth columns of Table 7 present results
for Market Makers plus Firm Proprietary traders, and also are consistent with previous results.
These results suggest that our use of the Black-Scholes model to compute the option gammas

does not introduce any important errors in the regression results.

4.5. Impact of hedging volume on total volume
In order for it to be plausible that the stock trading from hedge re-balancing has a non-
negligible influence on underlying stock price paths, the volume of this trading should have a

non-trivial impact on total stock volume. Thus, as a final check on the reasonableness of our

28



results we investigate the relationship between these volumes by regressing total daily stock

volume on a measure of the stock volume due to hedge re-balancing and a number of control
variables. We define a proxy for the trading volume on stock S during day t that originates in
investor group k’s delta hedging as the absolute value of the change in investor groups k’s net

option delta on the stock from the close of trading day t—1 to the close of trading day t:

deltaHedgeVolume;, = netDelta;, —netDelta;, _,|. (11)

This measure assumes that an aggregate group k investor delta hedges his option positions only
at the end of each trading day. As a result, it underestimates the stock volume from delta-
hedging for three reasons. First, investor group K actually consists of multiple traders (i.e.,
multiple market makers or multiple market makers and firm proprietary traders) and some of the
daily changes in the deltas of their option positions on an underlying stock will offset. Our
measure (counterfactually) assumes that there will be no stock trading associated with changes in
option delta that offset across members of group k. However, since each individual trader in
group K is concerned with keeping his own portfolio delta-neutral, offsetting changes in option
delta will, in fact, lead to stock trading. Second, some investors who are not members of group k
do hedge their option positions, and our measure omits their delta-hedging volume all together.
Third, delta-hedgers adjust their hedges periodically throughout the day, not just at the close of
trading. This can be important when intra-day stock price changes are large relative to the close-
to-close return.

We investigate the impact of delta hedging volume on total volume by estimating the

following time-series equation for each underlying stock s:
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volume,, = a+b deltaHedgeVolumeY, +c volume,, , +d volume,, , +e volume,,_,
+ f volumes,_, + g volume, _; +h volume,, ( +ivolume,,_, + j volume,,  +k volume,, ,
+1 volume,_, +m|r, |+n rsyt_1‘+o rswt_2‘+ p r57[_3‘+q rsyt_4‘+ r rsqt_5‘+s rsvt_6‘+t rsH‘ (12)
+u rs’t_8‘+v rs’t_9‘+w rs,t_m‘ +&,, S=L.,N%t=01..T

where volume; is the number of shares of trading volume on stock s on day t, r;, is the return to

stock s on day t, N°® is the total number of underlying stocks during our entire sample period,
and T is the total number of trade days. Standard errors are constructed using an analogous

procedure to that described in Section 4.2.

The coefficients on the deltaHedgeVqume:’t variables in equations (12) capture the
impact of hedging volume on total volume, and, therefore, is the main object of interest. The
past lags of volume and the current and past absolute returns control for variables that are known
to be related to the current volume and may be correlated with deltaHedgeVolumey,. These are
included because there is considerable evidence that trading volume is related to past volume and

returns (e.g., Gallant, Rossi, and Tauchen 1992, Andersen 1996, Bollerslev and Jubinsky 1999,

Lo and Wang 2000, Fleming, Kirby, and Ostdiek 2006, and others).

Table 1 above included descriptive statistics on thevolume,, and deltaHedgeVolume!,

variables used in the estimation. The descriptive statistics are first calculated for each underlying
stock and then the averages across the underlying stocks are reported. The average minimum

and maximum values for the volume,, variable are, respectively, 88,015 shares and 12,023,920

shares while the average mean value is 956,601 shares. The average minimum and maximum

values for the deltaHedgeVqumes“f'tM variable are, respectively, 6 shares and 449,431 shares while

the average mean value is 17,662 shares. The very low average minimum value for
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deltaHedgeVolume" reflects the fact that there are days when the market makers have small net

MM +FirmProp
st

positions and option deltas change very little. For deltaHedgeVolume , the average

minimum and maximum values are 6 and 509,714 shares, respectively.

Table 8 reports the estimation results. Following the format of previous tables, it presents
the average coefficient estimates for the stock time-series regressions and the corresponding t-
statistics for the two cases in which market makers or market makers plus firm proprietary
traders are assumed to delta hedge their option positions. The standard errors are computed as

they were for model (10).
The average coefficient estimate for the deltaHedgeVolume}" variable in the second
column is 4.132 with a highly significant t-statistic of 26.681, while the average coefficient for

the case when firm proprietary traders also are assumed to delta-hedge is 3.897 with a t-statistic

0f 27.056. Over 90% of the coefficient estimates for the 2308 individual stocks are positive.

Table 1 indicates that a one standard deviation move in the deltaHedgeVqumeSM,tM variable is

equal to 32,607. Consequently, the point estimate of 4.132 indicates that a one standard
deviation move in the deltaHedgeVqumeSM,tM variable is associated with an approximately
134,732 share change in total daily stock volume. Table 1 also indicates that the average daily
stock volume is 956,601 shares. Consequently, it is not unusual for on the order of 14%
(=134,732/956,601) of total daily stock volume to come from delta hedging. We conclude that it
is plausible that the stock volume associated with hedge re-balancing is large enough to produce

non-trivial stock price changes.
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5. Conclusion

We have documented that there is a significant negative relationship between stock return
volatility and the gammas of the option positions of the option market participants likely to
engage in delta hedging of their option positions. This relationship is consistent with both
intuitive reasoning and theoretical models implying that rebalancing of option hedges should
affect stock return volatility. In addition to being statistically significant, the relation is also
economically significant: we estimate that on the order of 13 percent of the daily absolute return
of optioned stocks can be accounted for by option market participants re-balancing the stock
hedges of their option positions. The negative relationship is found in both large and small
capitalization optionable stocks and is not restricted to the option expiration week.

To our knowledge, these results comprise the first evidence that the option markets have
a pervasive influence on underlying stock prices. The previous systematic evidence of stock
price clustering related to option trading in Ni, Pearson, and Poteshman (2005) was limited to
option expiration Fridays and the preceding trading day. Our results show that the same hedge

rebalancing mechanism has substantial impact on the prices of optionable stocks at all times.
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Figure 1. Normalized market maker net gamma is computed every day for every underlying
stock that has at least 200 trade days of data over the 1990-2001 time period. The normalized
market maker gamma for each underlying stock is then sorted into ten bins of equal size and the
average next day stock return is computed for each bin. This figure depicts the results of
averaging this quantity across for each bin across underlying stocks.



Table 1

Descriptive Statistics

This table reports means, standard deviations, extrema, and quantiles for the variables used in the estimated models. The
descriptive statistics are first calculated for each underlying stock and then the averages across the underlying stocks are

reported.
Quantiles
Std.
Mean Dev. Min 0.01 0.05 0.1 0.25 0.5 0.75 0.9 0.95 0.99 Max

Irl

0.031 0.032 0.000 0.000 0.001 0.003 0.010 0.022 0.041 0.067 0.088 0.149 0.310
netGamma, non-normalized: Market Maker

9,933 19,058 -56,690  -28,258  -12,758 -6,995 -63 6,967 17,075 31,582 42,736 69,326 128,513
netGamma, non-normalized: Market Maker + Firm Proprietary

12,014 22,667 -62,425  -31,921 -14,127 7,328 405 8,279 19,833 36,802 50,115 84,638 160,071
netGamma, normalized: Market Maker

3.106 6.772 -22.536  -11.651 -5.488 -3.151 -0.379 2.157 5.867 10.837 14.589 23.937 43.307
netGamma, normalized: Market Maker + Firm Proprietary

3.359 7.588 -25.773 -13.624 -6.284 -3.475 -0.421 2.367 6.332 11.782 15.962 26.541 47.477
volume

956,601 934,856 88,015 152,610 235,796 294,575 435,745 703,467 1,175,973 1,851,278 2,434,157 4,354,904 12,023,920

deltaHedgeVolume: Market Maker

17,662 32,607 6 51 366 854 2,739 8,009 19,805 41,497 63,824 151,041 449,431
deltaHedgeVolume: Market Maker + Firm Proprietary

19,617 36,665 6 54 397 937 3,024 8,885 21,993 45,809 70,522 169,803 509,714




Table 2
Regressions of Absolute Return on Components of Net Position Gammas, z=5 days

This table presents the results of estimating model (10) expressing the absolute return || in
terms of the components of the normalized net position gammas and lagged returns using data
from the period 1990-2001, where the prior positions are those that were held 7= 5 days prior
to date t. The model is estimated for the trader groups k = Market Makers and k = Market
Makers and Firm Proprietary traders, whose positions together comprise all positions of non-
public traders. The second and fourth columns report the average coefficient estimates from
OLS regressions for individual stocks. Standard errors for the cross-sectional averages are
constructed from a covariance matrix for all coefficients, which is formed by clustering
observations by date. The t-statistics associated with these standard errors are reported in
parentheses next to the average coefficient estimates.

Marker Maker + Firm
Market Maker Positions Proprietary Positions
Variable Coefficient t-Statistic Coefficient t-Statistic
constant 0.020 (68.558) 0.020 (68.606)
netGammaPriorPos! " (S,)
L -0.000543 (-7.624) -0.000476 (-6.861)
—netGammaPriorPosg; " (S,_,)
netGammaPriorPos!; " (S,_,) -0.000599 (-18.834) -0.000534 (-18.005)
netGamma;,

-0.001085  (-17.369)  -0.000950  (-16.043)

—netGammaPriorPos!; " (S,)

[rsdl 0.126 (45.968) 0.127 (46.082)
|rs el 0.051 (16.654) 0.051 (16.706)
IFst2l 0.038 (14.950) 0.038 (15.082)
|rs -3 0.026 (13.540) 0.027 (13.613)
s tal 0.034 (12.769) 0.035 (12.866)
| t-5] 0.023 (10.259) 0.023 (10.299)
Is.tol 0.022 (11.774) 0.022 (11.827)
|rs ez 0.021 (8.819) 0.022 (8.831)
sl 0.021 (11.215) 0.021 (11.285)

IFs o] 0.021 (10.909) 0.022 (10.964)




Table 3
Regressions of Absolute Return on Components of Net Position Gammas
Omitting Observations from Option Expiration Weeks, 7= 5 days

This table presents the results of estimating model (10) expressing the absolute return |rt:| in
terms of the components of the normalized net position gammas and lagged returns using data
from the period 1990-2001, where all observations from the week of option expiration are
omitted and the prior positions are those that were held =5 days prior to date t. The model is
estimated for the trader groups k = Market Makers and k = Market Makers plus Firm
Proprietary traders, whose positions together comprise all positions of non-public traders. The
second and fourth columns report the average coefficient estimates from OLS regressions for
individual stocks. Standard errors for the cross-sectional averages are constructed from a
covariance matrix for all coefficients, which is formed by clustering observations by date. The
t-statistics associated with these standard errors are reported in parentheses next to the average
coefficient estimates.

Marker Maker + Firm

Market Maker Positions Proprietary Positions
Variable Coefficient t-Statistic Coefficient t-Statistic
constant 0.020 (65.666) 0.020 (65.827)

netGammaPriorPos! " (S,)
e -0.000535 (-5.451) -0.000455 (-4.834)
—netGammaPriorPosg; (S, ,)

netGammaPriorPos!; " (S,_,) -0.000558 (-16.288) -0.000480 (-15.829)

netGamma’,(S,)
Lo 20001058 (-14.382)  -0.000930  (-13.777)
— netGammaPriorPos! " (S,)

s,t

[rsdl 0.127 (40.285) 0.127 (40.405)
|rs,eal 0.050 (16.323) 0.051 (16.381)
IFst2l 0.037 (13.978) 0.038 (14.104)
|rseal 0.026 (11.819) 0.026 (11.949)
Is.tal 0.032 (12.779) 0.032 (12.895)
| t-5] 0.025 (9.617) 0.025 (9.674)
Is.tol 0.024 (11.224) 0.024 (11.256)
|rs ez 0.021 (9.698) 0.021 (9.777)
sl 0.024 (10.948) 0.024 (10.983)

IFs o] 0.023 (11.114) 0.023 (11.148)




Table 4
Regressions of Absolute Return on Components of Net Position Gammas
For the Periods 1990-1995 and 1996-2001, =5 days

This table presents the results of estimating model (10) expressing the absolute return |r| in
terms of the components of the normalized net position gammas and lagged returns for the
subperiods 1990-1995 and 1996-2001, where the prior positions are those that were held 7=5
days prior to date t. The model is estimated for the trader group k = Market Makers. The
second and fourth columns report the average coefficient estimates from OLS regressions for
individual stocks. Standard errors for the cross-sectional averages are constructed from a
covariance matrix for all coefficients, which is formed by clustering observations by date. The
t-statistics associated with these standard errors are reported in parentheses next to the average
coefficient estimates.

1990-1995 19962001
Variable Coefficient t-Statistic Coefficient t-Statistic
Constant 0.016 (101.211) 0.021 (62.814)
netGammaPriorPos! " (S,)
N -0.000149 (-3.302) -0.000600 (-7.800)
—netGammaPriorPosg; *(S_,)
netGammaPriorPos!; " (S, ) -0.000247 (-6.971) -0.000652 (-19.549)
netGamma/ (S, )
o . -0.000303 (-3.996) 0.001254  (-19.337)
— netGammaPriorPos! *(S,)
IFedl 0.109 (46.941) 0.126 (39.363)
s 1] 0.041 (17.624) 0.051 (14.748)
s 2] 0.022 (11.330) 0.038 (13.533)
%] 0.020 (9.646) 0.026 (11.588)
|Fs a] 0.019 (9.454) 0.036 (11.551)
IFs.cs| 0.014 (6.778) 0.023 (9.158)
I"s 6] 0.013 (6.684) 0.022 (10.391)
IFs.] 0.009 (5.075) 0.022 (7.865)
[ 0.011 (6.054) 0.022 (10.052)

|1s 0 0.013 (6.889) 0.021 (9.483)




Table 5
Regressions of Absolute Return on Components of Net Position Gammas
for Subsamples of Large Firms and Other Firms, =15 days

This table presents the results of estimating model (10) expressing the absolute return |r| in
terms of the components of the normalized net position gammas and lagged returns for the
subsamples of large firms and other firms, where the prior positions are those that were held
=5 days prior to date t. In each year a large firm is defined to be a firm that was among the
250 optionable stocks with greatest market capitalization as of December 31 of the previous
year. The model is estimated for the trader group k = Market Makers. The second and fourth
columns report the average coefficient estimates from OLS regressions for individual stocks.
Standard errors for the cross-sectional averages are constructed from a covariance matrix for
all coefficients, which is formed by clustering observations by date. The t-statistics associated
with these standard errors are reported next to the average coefficient estimates.

Large Firms All Other Firms
Variable Coefficient t-Statistic Coefficient t-Statistic
constant 0.016 (39.801) 0.021 (71.225)
netGammaPriorPos!!~ (S,)
. Cr -0.000492 (-3.728) -0.000565 (-6.032)
— netGammaPriorPos!; (S, ,)
netGammaPriorPos!; " (S,_, ) -0.000655 (-8.481) -0.000590 (-17.959)
netGamma/ (S, )
o . -0.000668 (-4.644) 0.001199  (-18.574)
— netGammaPriorPos! * (S,)
Ired 0.100 (19.913) 0.128 (48.267)
I"s.e4 0.048 (10.547) 0.050 (16.698)
IFs -2l 0.036 (7.890) 0.037 (15.644)
IFs -3l 0.031 (7.976) 0.025 (13.453)
IFs.ea] 0.037 (7.695) 0.032 (12.792)
IFss| 0.028 (6.134) 0.021 (10.025)
[rs 6l 0.024 (6.187) 0.021 (11.807)
[rse7| 0.023 (5.281) 0.020 (8.603)
I"s sl 0.024 (6.393) 0.021 (11.255)

IFsol 0.024 (6.414) 0.021 (10.704)




Table 6
Regressions of Absolute Return on Components of Net Position Gammas, 7= 10 days

This table presents the results of estimating model (10) expressing the absolute return |r| in
terms of the components of the normalized net position gammas and lagged returns using data
from the period 1990-2001, where the prior positions are those that were held 7= 10 days prior
to date t. The model is estimated for the trader groups k = Market Makers and k = Market
Makers plus Firm Proprietary traders, whose positions together comprise all positions of non-
public traders. The second and fourth columns report the average coefficient estimates from
OLS regressions for individual stocks. Standard errors for the cross-sectional averages are
constructed from a variance-covariance matrix for all coefficients, which is formed by
clustering observations by date. The t-statistics associated with these standard errors are
reported next to the averages of the coefficient estimates.

Marker Maker + Firm
Market Maker Positions Proprietary Positions
Variable Coefficient t-Statistic Coefficient t-Statistic
constant 0.020 (69.872) 0.020 (69.652)
netGammaPriorPos!! (S, )
i i —0.000484 (-8.052) -0.000418 (-7.359)
—netGammaPriorPos!; (S, . )
netGammaPriorPos!; " (S,_, ) —0.000575 (-15.260) -0.000507 (-14.571)

netGammal, (S, )
20.000851  (-18.821)  -0.000742  (-17.126)

— netGammaPriorPos! * (S,)

[rsl 0.126 (45.767) 0.126 (45.862)
|rs el 0.051 (17.015) 0.051 (17.020)
|rs 2 0.037 (15.174) 0.037 (15.270)
|rses 0.025 (12.994) 0.026 (13.076)
|rstal 0.032 (12.215) 0.032 (12.290)
[rs s 0.022 (9.904) 0.023 (9.949)
Irs t-6] 0.022 (11.694) 0.022 (11.764)
|rs 7] 0.021 (8.710) 0.021 (8.751)
|rs sl 0.021 (11.766) 0.022 (11.826)

IFs o] 0.023 (11.538) 0.023 (11.534)




Table 7
Regressions of Absolute Return on Components of Net Position Gammas
Using Alternative Estimates of Option Gammas for the Period 1996-2001, z=5 days

This table presents the results of estimating model (10) expressing the absolute return |r| in
terms of the components of the normalized net position gammas based on option gammas from
OptionMetrics and lagged returns using data from the period 1996-2001, where the prior
positions are those that were held 7= 5 days prior to date t. The model is estimated for the
trader groups k = Market Makers and k = Market Makers plus Firm Proprietary traders, whose
positions together comprise all positions of non-public traders. The second and fourth columns
report the average coefficient estimates from OLS regressions for individual stocks. Standard
errors for the cross-sectional averages are constructed from a covariance matrix for all
coefficients, which is formed by clustering observations by date. The t-statistics associated
with these standard errors are reported next to the average coefficient estimates.

Market Maker + Firm

Market Maker Positions Proprietary Positions
Variable Coefficient t-Statistic Coefficient t-Statistic
constant 0.021 (61.281) 0.021 (61.690)

netGammaPriorPos! " (S,)

R 20.000507  (-12.863)  -0.000441  (-12.201)
—netGammaPriorPos*~ (S, _.)

st
netGammaPriorPos!, " (S,_,) -0.000596 (-20.246) -0.000514 (-19.353)

netGammal, (S, )
20.001089  (-20.083)  -0.000938  (-18.953)

— netGammaPriorPos! * (S,)

[rsl 0.123 (36.657) 0.123 (36.780)
|rs el 0.051 (14.298) 0.051 (14.338)
|rs 2 0.037 (12.752) 0.037 (12.818)
|rses 0.025 (10.924) 0.026 (11.007)
|rstal 0.035 (10.982) 0.035 (11.024)
[rs s 0.023 (8.499) 0.023 (8.535)
Irs t-6] 0.023 (10.503) 0.023 (10.520)
|rs 7] 0.021 (7.610) 0.021 (7.624)
|rs sl 0.022 (10.116) 0.022 (10.159)

I"sol 0.021 (9.407) 0.021 (9.426)




Table 8
Regressions of Trading Volume on Proxy for Volume Due to Delta-Hedging

This table contains the results of estimating model (12) expressing trading volume volumes in

terms of a proxy for the trading volume due to changes in delta hedges, deItaHedgeVqumefﬁt ,

and controls using data from the period 1990-2001. The model is estimated for the trader
groups k = Market Makers and k = Market Makers plus Firm Proprietary traders, whose
positions together comprise all positions of non-public traders. The dependent variable,

volumes and the independent variables deltaHedgeVqumef,t and volumes;n,h =1,...,5, are in

millions. The table reports the average coefficient estimates from OLS regressions for
individual stocks. Standard errors for the cross-sectional averages are constructed from a
covariance matrix for all coefficients, which is formed by clustering observations by date. The
t-statistics associated with these standard errors are also reported.

Marker Maker + Firm
Market Maker Positions Proprietary Positions
Variable Coefficient t-Statistic Coefficient t-Statistic
constant 0.046 (5.712) 0.046 (5.727)
deltaHedgeVolumes; 4.132 (26.681) 3.897 (27.056)
volumes i1 0.330 (128.643) 0.330 (128.730)
volumes ., 0.077 (38.798) 0.077 (38.850)
volumes i3 0.066 (38.992) 0.066 (38.833)
volumes .4 0.052 (29.373) 0.052 (29.280)
volumes i 0.066 (44.896) 0.065 (44.668)
[Fsil 10.716 (61.666) 10.671 (61.402)
st 1.027 (9.627) 1.037 (9.739)
|rst-2 -1.471 (-14.872) -1.467 (-14.857)
|rsal -0.915 (-11.451) -0.906 (-11.281)
|rs t-a] -0.738 (-7.638) -0.725 (-7.505)
|l -1.139 (-13.003) -1.128 (-12.923)
|s t-6 -0.465 (-5.940) -0.453 (-5.824)
|rs.e7l -0.042 (-0.565) -0.037 (-0.502)
|rs s 0.065 (0.699) 0.068 (0.731)

8% 0.185 (2.557) 0.184 (2.545)
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