This is a preliminary draft. Please do not cite or circulatélwut the authors’ permission.

How do Informed Investors Trade in the Options Market?

Patrick Augustin
McGill University

Menachem Brenner
New York University

Gunnar Grass
HEC Montreal

Marti G. Subrahmanyam
New York University

Abstract

We characterizénow informed investors trade in the options market ahead ofaratp news when they
receive private information about (i) the timing of the annocement and (ii) its impact on stock prices. A
simple framework determines the optimal strategy in terfnspbtion type, maturity, and strike price that
yields the greatest leverage to informed investors. Actogrfor uncertainty in the private information
signal, as well as market frictions including minimum pscnd bid-ask spreads, we can rank strategies
without the need to model risk aversion or price impact. Waalestrate empirically that (i) heterogeneity
in unusual options activity ahead of significant corporate/s (SCNSs) is consistent with the predictions of
our framework and (ii) informed trading measures derivedfiour framework improve the predictability of
significant corporate news events.

Key words: Insider Trading, Market Microstructure, Corporate Anncemments, Extreme Price
Movements, Equity Options
JEL classification'G12, G13, G14, K42

UThis paper benefited substantially from helpful commentsrakov Amihud, Tolga Cenesizoglu, Mathieu Fournier, Pascal
Francois, and participants of the 2015 OptionMetrics carfee and the 2016 HEC - McGill Winter Finance Workshop. Ve ar
grateful to Antoine Noél, Siyang Wu, and Dominique Bouchardxcellent research assistance. We thank the Montregtuties
of Structured Finance and Derivatives (IFSID) and the Glétisk Institute (GRI) for generous financial support. Ferthore,
Augustin acknowledges financing from McGill University ahe Institute of Financial Mathematics of Montreal (IFM2)dGrass
acknowledges financing from the Fonds de Recherche du Qsebé Société et la Culture (FRQSC).

*Corresponding author. Email: gunnar.grass@hec.ca

Preprint submitted to TBA June 18, 2016



1. Introduction

Recent research thoroughly documents the prevalenceahiefl trading in the options market ahead
of corporate news events. While many studies successfigigtify theexistenceof informed trading, it is
striking that the literature is not informative abdwgwinformed investors maximize the benefits from private
information. Our objective is to understand how the natdingrivate information &ects the strategy chosen
by informed investors trading in the options market. This icaprove the identification of informed trading,
which has two key benefits. First, it enables the predictibfutnre stock returns. In addition, it can help
regulators detect illegal insider trading.

Informed investors trade based on private information, aeip or a signal about future news or corpo-
rate announcements. These signals can include informaliouat (i) the timing of the news announcement,
and (ii) its impact on stock prices. Acrosdgidrent types of corporate events, both dimensions of thateriv
signal vary in terms of their expected value, as well as theaertainty, and this heterogeneitffegts an
informed investor’s choice of trading stratelyyFor instance, an investor who receives private information
about a scheduled earnings announcement knows precisely tive news will be published, but may find
it difficult to estimate the (typically moderate) impact of the @ays news on stock prices. In contrast, an
investor with private information about the deal premiundpa an M&A transaction can predict the (typi-
cally large) price impact relatively precisely, but may kobw the exact timing of the deal announcement.
Any research that focuses on one specific type of corporatat ealbeit in detalil, is thus limited in its predic-
tive power for understanding how this heterogeneitgas informed trading. Our study is much broader in
scope, since we study trading strategies of informed iovesthead of numerous types of announcements.

In a first step, we propose a theoretical framework for idginty optimal option trading strategies to
privately informed investors. In other words, we identifietcombination of option type, strike price, and

maturity which maximizes expected returns to informeditrgdn a noisy signal and in illiquid markets. We

1We also refer to the expected value of a signal as “type”, tnckirtainty as precision.
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posit that investors trading on private information in thtians market do so as it enables them to leverage
their exposure. The maximization of expected returns danredtively be interpreted as the maximization of
leverage. We assume that the private information consigtsoosignals, information about thteming of an
announcement, and information about #@mmouncement returon the underlying stock in reaction to news.

In addition to theirexpected valuewe also consider thprecisionof the two signals, characterized by the
uncertainty in the timing of the future announcement, amduthcertainty of the future stock price reaction.
One central feature of our theoretical framework is that¢@oaints for two important frictions prevalent in the
options market. First, most options trade wsignificant bid- ask spreadd heir minimum bid-ask spread is
defined in dollar terms, implying substantially greatercgetage bid ask spreads for options that are further
away from the money, given their lower prices. Second, mpsbns do not trade below minimum price

of ten cents. Both of these frictions can make trading otthefmoney (OTM) and deep-out-of-the money
(DOTM) options prohibitively expensive (in terms of themplied volatility), and, therefore, severely limit
the leverage investors can attain in the options market.addition, run-ups in implied volatilities ahead
of scheduled news can substantially increase the cost tifigetp a trading strategy. Using numerical
analysis, we illustrate that thesfects reduce the maximum attainable returns to informednigafilom
unrealistically high levels (i.e., returns of multi-mdh percent) to a more realistic magnitude of returns
observed for illegal trades observed by the Securities astidhge Commission (SE€urthermore, they
can heavily &ect the trading behavior of informed investors. Importaraisimple framework that takes into
account minimum prices and transaction costs is able torgena trade- for informed investors without
the need for risk aversion, price impact, or other poteffitietions.

The analysis reveals three main insights about the steatiegling behavior of informed investors. First,

2t is possible to extend our analysis to account for privaterisy signals about changes in the volatility of the ulydleg
stock price distribution. This dimension is relevant in gresence of volatility trades on M&A acquiring companiessaggested
by Augustin et al. (2014). In this paper, we focus on a twostisional signal for tractability.

SMultiple studies document that OTM options are overpriceddtive to standard pricing models. Boyer and Vorkink (2014
report that intermediaries expect substantial premia wketing OTM options. Goyenko et al. (2014) show that the bk
spreads of OTM options are inflated by information asymmairy demand pressures arising ahead of earnings annourtsemen

“We can provide descriptive statistics about illegal instdades documented by the SEC upon request.
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market frictions, including lower price bounds and bid-apkeads, typically lead informed investors to trade
options that are near-the-money rather than DOTM. Sechraxpected announcement return is the primary
determinant of an informed trader’s option choice. Undetyaabout the announcement return, on the other
hand, has limited impact on the strategic trading behaviamformed investors. Third, the precision of the
timing signal significantly fiects the choice of option maturity. Everything else equdiligher event date
uncertainty leads informed investors to trade in longerunitgt options. If informed investors have a very
precise timing signal, leverage can be substantially as®d by trading shortly ahead of the announcement.
This dfect may be partially beftset by a run-up in implied volatility and an increase in b#kapreads
ahead of scheduled events.

We empirically verify whether our framework enables thenkifecation of informed trading in the op-
tions market by testing its ability to predict “significanbrporate news” (SCNSs) in the aggregate cross-
section of stocks. We construct a rich sample of 30,975 SGitlsden 2000 and 2014 by relying on the
novel and comprehensive RavenPack news database. Wdycla€sis into twelve dferent categories,
which feature a substantial amount of heterogeneity witheet to their announcement characteristics.

We then use two naive measures of informed trading to docuthat) consistent with our predictions,
abnormal activity in options markets starts shortly befeceeduled announcements and earlier ahead of
unscheduled announcements. The naive informed tradinguresawe use are the ratio of the implied
volatility of OTM call options divided by that of OTM put oths, and the daily firm-specific relative call
volume, defined as the ratio of the total call options tradioigme to the sum of both the call and put options
trading volume.

We show that measures of informed trading that give greagéghwto those options enabling the greatest
leverage predict corporate news announcements with admooizup to ten days. More precisely, we compute
the expected return for each call and put option-day for athgdical+10% (-10%) price jump occurring
over the next 3 or 10 days. For each stock-day, we then aggrageoss all call and put options and compute
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the ratio of the volume of call (put) options with a high extgetreturn to the total call (put) volume, i.e.,
the “informed volume ratio”. Additionally, we calculateaHtinformed IV ratio” as the implied volatility of
high expected return options divided by that of options witlow expected return. We define options with
a high (low) expected return as those in the top decile (hkoteciles) of the expected return distribution.
We then estimate a multinomial logistic regression to doeninthat the measures of informed trading in call
(put) options predict positive (negative) SCNs. The ecaoaignificance of this predictability is especially
meaningful for a horizon of three trading days. These finglisigow that our theoretical framework enables
us to identify informed trading activity in the options matk

The remainder of the paper is organized as follows. Sectiemi2ws the relevant literature and discusses
our main contributions. Section 3 presents a novel framledaridentifying option trades that maximize
expected returns to informed traders with private but neigpals. Section 4 describes the construction of
the sample of significant corporate news events. Sectionéepds with an empirical analysis based on the
framework, including the prediction of corporate news amu@ements based on model-implied informed

trading measures. We conclude in Section 6.

2. Literature Review

A large body of theoretical literature suggests that foict and market imperfections lead informed
investors to migrate towards the options markets, espgamathe presence of capital constraints, as option
markets provide more “bang for the buck,” i.e., leveragey@and Vorkink, 2014; Ge et al., 2016). Other
motives include asymmetric information (Easley et al., 89%lifferences in opinion (Cao and Ou-Yang,
2009), short-sale constraints (Johnson and So, 2012), mim@quirements and wealth constraints (John
et al., 2003).

There exists also a substantial amount of empirical sudporthe presence of informed investors in
the options market, underscored by informed trading dgtathead of corporate announcements, and, more
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generally, the predictability of stock returns by impliealatility and volume in the options markets. Various
studies pinpoint informed options trading ahead of analysbmmendations (Kadan et al., 2014), macroe-
conomic news (Bernile et al., 2016), the announcement airegs (Roll et al., 2010; Goyenko et al., 2014),
M&As (Cao et al., 2005; Chan et al., 2015; Kedia and Zhou, 2814ustin et al., 2014), spinfis (Augustin

et al., 2015), leveraged buyouts (Acharya and Johnson,)28a8 the announcements of strategic trades by
activist investors (Collin-Dufresne et al., 2015). We alslate to the vast literature that examines the predic-
tive power of information-based measures derived fromooptiading volumes and prices for stock returns,
namely option volume (Easley et al., 1998; Ge et al., 201@}cpll ratios (Pan and Poteshman, 2006), the
implied volatility (Xing et al., 2010; Driessen et al., 2Q1Bn et al., 2012), put-call parity deviations (Cre-
mers and Weinbaum, 2010), the option-to-stock volumesakidinson and So (2012), Driessen et al. (2012),
hedging activity by option market makers (Hu, 20%4).

There are two key distinctions between the earlier liteetand our study. While previous work has
successfully identified thexistenceof informed trading in the options market, the literatures nat docu-
mented any details about the strategy an informed investafdrimplement to maximize her benefits from
private information. Thus, we focus on the type of strategy, puts, calls, or a combination of both, as
well as the moneyness, i.e., the strike price, and time tar&ign, that the informed agent chooses. The
choice of option strategy endogenously arises as a tridmetween the benefits of leverage, and the costs
due significant illiquidity, that characterize the optianarket. While previous work has been suggestive of
this trade-d for the choice of trading strategy (Chakravarty et al., 2084 et al., 2016; Johnson and So,
2012), we explicitly model the option choice of an informeatier as a function of the characteristics of pri-

vate signals that characterize the stock price reactioruandrtainty around future news announceménts.

5The focus on informed trading naturally relates this stuldp o the literature on insider trading, for which we refeBhat-
tacharya (2014) for a thorough review.

5For example, Chakravarty et al. (2004) argue that informading is driven towards ATM options when these are cheap to
trade relative to OTM options. Similarly, Ge et al. (2016ygest that “higher transaction costs for out-of-the moi@yNl) options
might lead some traders to capitalize on their private mition by trading at-the-money (ATM) or in-the-money (IThEptions,
depending on the content of the private information.”



While previous work has emphasized how frictiorfieat the choice of trading venue, while we focus on
how frictions and the characteristics of private inforraatifect the choice of option strategy, conditional
on trading in the options market. As this is the first step tolwdowards identifying the strategic choice,
we focus on the liquidity in the options market as the mostdrtgnt frictions, and we do not take into ac-
count price impact, which may lead informed investors td syl their trades and engage into stealth trading
(Anand and Sugato, 2007).

Second, we examine the predictability of informed tradietjvity for significant corporate news an-
nouncements (SCN) using multiple events jointly. To thet bésur knowledge, virtually all other studies
on informed trading in options focus ame individual type of event, such as M&A transactions, corpo-
rate divestitures, or earnings announcemeértteterogeneity in event characteristics influences thevati
trading decision. Thus, any study that does not take acdbest cross-sectionalffirences would be un-
able to explain how informed investors tradé@ientially as a function of the characteristics of corpmrat

announcements.

3. Trading Strategies of Informed Investors

For an equal dollar investment, an informed investor olstairore “bang for the buck” in the options
market than the stock market. This is because derivatidess dbr more leveraged exposures than the
underlying cash market. To give an illustrative examplegwa flays ahead of a negative earnings surprise
announced by Walgreen'’s on October 1, 2007, Thomas Flapag@mmer vice president at Deloitte and
Touche LLP with material private information on multipléerit firms, and his son, bought 485 put options
on the stock at strike prices of $45 and $47.5, expiring inro®et 2007, for a total cost of $46,619. When

the firm announced its first earnings decrease (relativestptilor quarter) in almost a decade, its shares fell

A notable exception is the article by Cremers et al. (2016)p study how the dierence between scheduled and unscheduled
news dects an informed investor’s trading behaviour.



by 15% and the insiders realized an illicit profit of $268,167575% of their option investme#i.

The previous example begs the question of why the insidersecthe $45 and $47.5 strike options with
a short time to expiration. As we formally show in this sectithe benefits from illegal insider trading
vary substantially across the wide spectrum of insideritigadtrategies, in terms of both strike price and
maturity. Our objective is to improve the identification oformed trading by better understanding the
trading strategies that maximize expected returns to favesvith noisy private signals about the timing and
stock price reaction of future news announcements. To @elilds objective, we first propose a general
framework for calculating the expected returns to inforroption trading as a function of the type, quality,
and strength of the private signal received by the infornrader. We then validate our framework by
showing that measures of informed trading in options exquetd attract informed investors can predict

corporate news events and stock returns.

3.1. Theoretical Framework

The objective of our study is to understand how informed stmes choose to trade in option markets
given the strength and quality of their private signal. Tesdpwe assume that the informed agent’s primary
objective is to leverage her private information. The chai€ option contracts she trades depends only on
her expected return net of transaction costs. We calciiatextpected return to buying an option today (at

tp) and selling it after a news-induced jump tat ty + At) as

E[Ppid, t,]

E[R] =
[R] Pk

1 1)

where Pyiq, t,] denotes the bid price at which the investor expects to Belbption and P,k 1,] is today’s
option ask price as observed in the market. Analogously, ameptite expected returns of trading strategies

involving multiple securities by summing up the expectatidnnd observed ask prices of all securities in the

8In 2010, the SEC charged the Flanagans with insider tradingnaltiple occasions that resulted in total illicit profité o
$487,000. The suspects settled for a disgorgement of iteggrofits and a civil penalty of more than $1.1 million.
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numerator and denominator, respectively. We do not acdoumhargin requirements as they are zero for
long options positions, to which we restrict our analysis.tHe Black-Scholes-Merton (BSM) framework
(Black and Scholes, 1973) without dividend payments, thpeeted return to option trading around a news

event is given by

E[0(Soe" To- ALK un] | _ Ela]

E[R] =
(R 6(So, To, K, oo, 1) o

1, )

whered(-) denotes the BSM value of a European call or put option as etiumof the underlying stock
price Sg, the option’s strike pric&, the option’s time to maturitif g, and the risk-free rate The parameter
k denotes the expected change in the stock price betweendiamelt;, expressed as a continuous return.
Similar to Cremers et al. (2016), we incorporate the runrupmplied volatility ahead of scheduled events
based on Dubinsky and Johannes (2006) by defining /o2 + i—i For unscheduled eventsg = 0. o
is the usual implied volatility excluding run-up ang the volatility of the jump anticipated by (uninformed)
investors ahead of a scheduled ev&firoughout this paper, we follow Cremers et al. (2016) asdme a
jump size volatility ofo; = 0.1 for scheduled events.

We next account for market frictions by introducing bid-agkeadsr and a minimum option pricBmin
to be consistent with a realistic trading setting by usirgftillowing rule: Whenever the BSM option value
adjusted for half the bid-ask spread is below the minimurcepras can be expected for DOTM options, the
market price equals the minimum pric€. At time ty, the informed investor will sell her position whenever

doing so yields more than the position’s intrinsic valygand execute the option(s) otherwise. We can thus

®Informed trading on anticipated changessircan easily be incorporated in a simple extension of our freonle This would
distract us, however, from the focus of our study, while hgwanly a marginal impact on predicted trading behaviomif. &Results
not reported in this article reveal that while trading onraes in the implied volatility does nofffer high expected returns to
informed investors, it can still be rational to trade in veti@tegies, e.g., straddles, if their signal is very nolyese results are
available upon request.

19Beyond market liquidity, bid-ask spreads and minimum [wiage driven by the minimum tick size dictated by the Chicago
Board Options Exchange (CBOE). Since the year 2000, thenmoimi tick size for most options equals five cents if tradedwelo
three dollars, and ten cents otherwise. Exceptions weredated in the CBOE's experimental Penny Pilot Programfiteephase
of which commenced on January 26, 2007. As part of that progtae minimum tick of heavily traded options was decreased t
one and five cents for options priced below or above thre@adyltespectively.



rewrite the previous expression as

E [max (61 — 0.5¢1, 11)]
E[R] = -
(Rl = ax(@o + 0500, P

1, 3

Finally, we take into account the perspective of an inforrmeestor who receives two private signals
about future news. The firstis information abouttingng of the news event. As we assume that she unwinds
her position instantly after the news-induced jump, theation for the timing of the jump corresponds to
that for the time between the opening and the closing of thi®mposition,At. The second signal relates
to information about theannouncement returimduced by the news, Both of these signals may be noisy.
Denoting their joint probability density function (k, At), the expected return to the option strategy is the
probability-weighted average

[ fi; #(x, Aty max(@1(x, At) — 0.5a1, 11) dk dAt
max(fo + 0.5a0, Prain) B

E[R] = (4)

We have established a simple expression for expected saiuinformed trading under market frictions.
Assuming that informed investors maximize their expecttdrns, we can use this expression to identify
the strike price, maturity, and type of the option contrglcttiey choose to trade in. Before examining the
expected returns for alternative option strategies angnguprivate signals, we illustrate the implications of
market frictions and noise in the private sighal.

The two market frictionsthat we account for are minimum option prices and bid-asleaqs, both
of which reflect the limited liquidity in the options markeEigure 1 shows theffect of market frictions
on expected returns. Each graph plots the expected retringotmed trading in call options computed
using Equation 4. For the purpose of illustration, we cosmisal signal that suggests a future price jump of

k=20% in A;=3 days, without any uncertainty about the magnitude of thepjwr about the timing of the

The informed investor’s problem presented in this papenctibe solved analytically. All of our results are based omerical
solutions.
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news announcement, i.er,=0, o2:=0. FurthermoreSy=10, r=0.03, andor=0.4. The upper two graphs
in Figure 1 are based on the assumption that there are no hiackiens, i.e., the bid-ask spread and the
minimum price are equal to zero. Under these assumptioesB8M value of an OTM option close to
expiration is a small fraction of a cent. Buying an OTM opt&nsuch a low price, and selling it once it
is ITM after the news-induced jump, yields a return of morantii.8 million percent! The introduction of
market frictions highlights that it is impossible to gerterauch enormous returns in a more realistic setting.
The lines in the two lower graphs that are labelled “markietifms” assume a bid-ask spreaaf $0.05 and

a minimum price of $0.10, all other parameters remainingaegin addition to market frictions, increased
option prices ahead of scheduled announcements can rddutsverage investors can attain in the options
market. The lines labelled “scheduled” assume a run-up pliéd volatility ahead of the event, modeled
following Dubinsky and Johannes (2006). Even without this-up, market frictions reduce maximum
expected returns to less than 2,000%, clearly, a more tieal@uel?

The illustrative example underscores the importance afatting for non-zero minimum prices, bid-ask
spreads, and potential run-ups in implied volatility, assth restrict the leverage an informed investor can
realistically obtain in option markets. We now turn to dissthe magnitudes of these two market frictions.
Panel A of Figure 2 plots the evolution of the average (dditeg) and median (dashed line) bid-ask spreads
of equity options reported in the OptionMetrics databaseerdges and medians are computed over all
contract-days with a trading volume of at least 100 congraod non-negative bid-ask spreads. Circles mark
call options, crosses mark put options. Median (averagegsis reduced substantially over time, from 25%
(23-24%) in 1996 to 5% (10-11%) in 2010, with a spike in 2008.

An option’s minimum dfer price is given by its minimum tick size. While this implidsat DOTM

options may be traded at five cents — or since 2007 even at oridfdbey are part of the Penny Pilot

Forinstance, in insider trading cases documented by the BEi@er trading around M&A announcements commonly preguc
returns of around 1,300%. Descriptive statistics aboagdl insider trades documented by the SEC are not includddsipaper
but are available upon request.
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Program — the minimumfter prices reported in the OptionMetrics database are highdne vast majority
of options. Panel B displays the evolution of the minimunti@hb line) and the first percentile (dashed line)
of option prices below three dollars. Minima and perceatidge computed over all contract-days with a
trading volume of at least 100 options. Until 2007, the tiraees of observed minima reflects the described
minimum CBOE tick size. The increase in the minimum pricehi@ years 2008 to 2010 can be ascribed to
the exceptional period of the financial crisis. Most of thedj however, as illustrated by the first percentile
of option prices below three dollars, empirically observeitiimum prices are equal to or above 10 cents.
Thus, the regulatory minimum prices do not seem to be a bgndamstraint. The fact that DOTM options
are rarely @fered at the possible minimum price of 5 cents even if theiir“fa.e. BSM) value is lower
than that, may be explained by risk aversion, informed trgdadverse selection, or other factors such as
inventory costs and illiquidity. Writing DOTM optionsflers little return, but a potentially tremendous
downside to traders. Even for risk-neutral market makéescost of trading with an informed counterparty
may prevent investors fromfiering DOTM options at the minimum regulatory prices. Indeasl shown
by Goyenko et al. (2014) using intraday transactions datptd-ask spreads of OTM options are driven
by information asymmetry and demand pressures increasiegdaof earnings announcements. Boyer and
Vorkink (2014) report that intermediaries expect subsshptremia when writing OTM options and suggest
that they “compensate intermediaries for bearing unhdaga#&sk when accommodating investor demand
for lottery-like options.?3

Minimum prices render the trading of DOTM options expensiwhich is also reflected in the high
implied volatilities of most DOTM options and, perhaps, the trading volume in even OTM options.
While it might be intuitive that informed traders, who expacsignificant jump in stock prices, are befit o

purchasing DOTM or at least OTM options, we formally showt ttieese do not alwaysfker the highest

13This argument relates to prior work on the inelasticity of thption supply curve, along the lines analyzed theordyidsl
Garleanu et al. (2009) and empirically by Bollen and Wha04) and Deuskar et al. (2011). For an earlier overview séaech
on empirical option pricing, see Bates (2003).
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expected return to informed investors. This is in partictitae if the investor faces uncertainty about the
magnitude of the future price jump and uncertainty aboutithing of the jump. In other words, the choice
of option strategy depends on the noise associated withritragsignal. We rationalize why in most cases it
is optimal to trade in options that are only slightly OTM. Bedindings are consistent with observed illegal
insider trades, such as the previously highlighted trad#hbyFlanagans, who purchased put options with a
strike price of USD 47.5, when the underlying was tradingMeein 47 and 48 USD. The findings are also
consistent with the comments made by Chakravarty et al42&0d Ge et al. (2016), who argue that while
OTM options appear tofter an informed trader the highest leverage, informed tradirdriven to ATM or
even ITM options when these are cheap to trade relative to ©ptibns. Our contribution is to explicitly
formalize the strategic behavior of informed behaviorsjclwhs implicit in the choice of option strike and
maturity. Importantly, we are able to generate a traffevithout the need for investor risk aversion or price
impact.

Though important, theftect of uncertainty onoisein private information, i.e., uncertainty abauand
At, on expected returns is less significant than that of markaioins. The graphs in Figure 3 plot expected
returns to informed trading in call options computed usirgu&ion 4. We use the previous example to
illustrate the impact of uncertainty about the jump size aindng of the announcement. Thus, we use
an expected news-induced jump«ef20% in A;=30 days. Bid-ask spreads equal $0.05 and the minimum
price is $0.10. Furthermor&o=10, r=0.03, ando=0.4. The left (right) graph plots expected returns as
a function of the time to maturity (strike price) of the optio On each side, the strike price (maturity)
is chosen such that the graph shows the global maximum ofxbected return function. This explains
why the maxima of each function in the left and the right grapb identical. In each graph, the four
lines represent fierent magnitudes of uncertainty. Bid-ask spreads equab%hd minimum price $0.10.
For the given set of parameters, maximum expected returreate significantly in the uncertainty of the
timing of the announcementr,;. The impact of uncertainty about the jump magnituag, on expected
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returns is positive, but it is less pronounced. Thus, higimertainty about the timing of public news
announcement reduces expected returns and incentivieésvigstor to choose longer maturity options and
deeper OTM options compared to the benchmark case, witgutiraing uncertainty. On the other hand,
higher uncertainty about the magnitude of the announcemergaseghe expected returns and results in a

choice of shorter-term options that are further OTM.

3.2. Expected Returns of frent Trading Strategies and Private Signals

Having illustrated the fects of market frictions and noise in the private signal opeeted returns,
we now explore how thexpected valuand thenoiseof an informed investor’s private signaffect the
strike price, maturity, and type of the return-maximizirgfion contract. The upper two graphs in Figure 4
(Figure 5) plot the strike prick™@*and the time to maturity "#*that maximize expected returns to informed
trading in call options ahead of a positive event as a funaticthe time to announcemer (the expected
jump in stock pricesk).1* The lower graph displays the maximum expected reE[iR]™2*. In each figure,
results are shown for threeffirent parameter sets describing the private signal.

Figures 4 and 5 illustrate several key takeaways that déave our framework> We refer to the upper,
middle, and lower graphs in Figures 4 and 5 as Figures 4ac4bndl 5a, 5b, 5¢. The first set of implications
is related to the strike price maximizing expected retuk®%). The expected price jump of the stock
following a news announcementijs a key determinant of expected returns (Figure 5c¢). Niyuthe lower
the price reaction, i.ek, the higher the leverage an investor needs to implementderdo yield the same
return (Figure 5a). Yet, for many parameter combinationfrined investors do not trade OTM options.
For instance, for the parameter sets plotted in Figure $ernred investors will trade ATM or even ITM for
anticipated jumps of up to 10%. Furthermore, the kink in tingcfion implies that once reached a certain

threshold level, informed investors will only marginallycrease their leverage for an additional increase in

“Expected returns are computed according to Equation 4.
150f course, the plots are restricted to a limited number ofeater combinations. However, the main takeaways disdiisse
this section are robust to changes in parameters. We caidpragiditional results upon request.
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announcement returns. Thus, DOTM options do not always mmagi returns to informed trading in the
presence of market friction. The kink is due to the marketifsns incorporated in our framework. Their
impact on informed trading is most pronounced for optionthw&ilow theoretical value, for instance options
with low implied volatility and a short time to maturity. Amgst others, this explains wH¢™3* shown in
Figure 4a is lower for options with a short than for those waitmedium time to maturity.

The second set of implications is related to the time to nitgtaf the option maximizing expected returns
(T™a@9, The longer the period between the time an informed investoles and the time of the anticipated
announcemenht, the longer will be the contract maturity of the return-nmaxing option (Figure 4b). A
similar implication obtains if there is a high uncertaintpand the announcement date, in other words, if the
precision of the signal is weak. In such cases, an informeatktrwill choose longer dated options to avoid
that the trades expire worthless, prior to the announcewofemtws (Figure 4b). All else equal, the need to
trade in longer term options decreases expected returnfotwried trading (Figure 4c).

We include additional graphs for the case of scheduled syant for dfferent trading strategies in the
appendix section of this paper. Figures Al and A2 illustthed expected returns to informed trading in
call options are lower for scheduled events. Figures A5 adigifow that synthetic calls enable investors to
reduce the impact of market frictions and substantiallyaase expected returns, as OTM or even DOTM
options can be created by trading the underlying togethiér WM or DITM options, which are substantially
less @ected by market friction¥® However, trading synthetic call options requires an inwesb partly
finance his positions by borrowing at the risk free rate aris likely restricted to sophisticated investbfs.
Accordingly, we note that almost no (publicly reported)ilditigation initiated by the SEC refers to insider

trading implemented through the use of synthetic optiorsitioms. Finally, Figures A3 and A4 demonstrate

1Even though DITM options can, in absolute terms, have higlhsolute bid-ask spreads than DOTM options, the percentage
spread of DITM options relative to their price tends to bessabtially lower, given that prices include a high intrmsalue. For
the same reason, minimum prices are irrelevant to the griciiTM options.

1"We ignore synthetic put options, which can be created by auimdpa long call position with a short position in the ungenty,
as these imply significant margin requirements. While tressebe incorporated in our framework, this is beyond the eap
our analysis. In brief, any significant margin requiremeiit substantially reduce an investor’s leverage and thesyiy reduce
returns to informed trading.
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that the patterns observed for informed trading in callepiare very similar for put option trading, implying
that the above insights extend to the latfer.

To summarize, expected returns to informed trading in mgtican difer tremendously as a function of
the level and precision of private signals. Researchevsstors, and regulators trying to pinpoint informed

trading can account for this variation using a frameworkrapgsed in this study.

4. Constructing a Sample of Significant Corporate News

We define SCNs as news events that we can link to extreme pogements (EPMs) of stocks. Using
a diverse sample of SCNs instead of one specific event, sutifeamnouncement of M&As or earnings
news, features several advantages for the study of infotradihg. First, using dierent types of corporate
events allows us to exploit the significant cross-sectiali@érences in terms of announcemefieets and
timing uncertainty, which increases the opportunity sestotegic behaviors by informed investors, and
therefore allows for a richer analysis. In other words, we egploit the heterogeneity in announcement
characteristics to understand more granuléudyv informed investors trade in the options market. Indeed,
we explore trading patterns ahead dfelient types of SCNs including analyst recommendationsyiregs
announcements, corporate guidance, M&As, product dessop, management changes, changes in divi-
dends or financing, among others. Second, using SCNs adiagfauint yields a sample that is larger and
comprises economically more meaningful opportunitiesnédrimed trading. This increases the statistical
power of the analysis. Third, we have access to the millised¢mnestamp of intraday news announcements.
Therefore, we can link EPMs more precisely to SCNs, therebjdang any bias that may arise because of
news leakage. Including events with news leakage would uphias measures of informed trading activity.
In the following, we first describe how we identify EPMs, ahdn outline how we associate them with news

events to finally obtain a sample of SCNs.

8Oour framework also allows the analysis of informed tradimgalatility strategies such as straddles. We do not inchedelts
for the sake of brevity but can provide them upon request.
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4.1. |dentification of EPMs

Our sample period begins in 2000, the first year for whichrimiation from RavenPack, our primary
news data set, is available, and ends in 2014. To obtain afl&PMs, we collect information on stock
returns and prices, security type, the number of sharesamdlisg, and trading volume from the Center for
Research in Security Prices (CRSP). We retain all commarkst(sharecode 10 and 11) that trade on the
AMEX, Nasdaq or NYSE, for which all variables are availablesulting in a total of 17.5 million daily
return observations. We exclude stock days with a lagge#ehaalue (the market value as of the previous
trading day) below ten million USD or a lagged stock priceolefive dollars as such securities are often
illiquid and exhibit higher levels of market microstruaumnoise. Furthermore, we delete all stocks for which
not a single news headline is reported in the RavenPack natabake during our sample period.

We obtain a list of 138,121 EPMs from the remaining 11.4 wnlldaily observations. We classify a
stock day observation as an EPM if it is a jump, as defined byLdeand Mykland (2008) method for
jump detection, or if the return on that day is above or beldweturns observed during the preceding 252
trading days. We additionally require the availability tdck market data for at least 189 of the past 252
trading days® In sum, our definition of EPMs is most closely related to the ased by Brogaard et al.
(2015). They define EPMs at ten-second intervals as jumpdiiidel by the approach proposed in Lee
and Mykland (2012), which is more suitable for such high freacies than the Lee and Mykland (2008)
method used in this papét. In a final step, we match this list of EPMs to OptionMetrics émtion price
and volume information, and to Compustat for balance shdetrhation and company characteristics. As
we are interested in informed trading in option markets, waugle all EPMs of stocks without options, and
we require a minimum of one option trade during the 63 tradiags prior to the EPM. We further delete

observations which we cannot match to Compustat. Our fimapkaincludes 83,653 EPMs — 50.9 percent

19For details on the Lee and Mykland (2008) approach for juntpat®n, see Appendix A. Amongst others, the method is used
by Bradley et al. (2014) to examine the impact of analyst meoendations on stock prices.
20In robustness checks, they alternatively label ten-secetins with a magnitude in the 99.99th percentile.
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of which are negative — observed for 4,131 securities onl3dfberent dates between 2000 and 2014.

4.2. Associating EPMs with News

Early doubts cast on the relevance of news for asset pricivg hrecently been rectifigd. Boudoukh
et al. (2013) use textual analysis to demonstrate that anowed identification of relevant news stories
results in a tighter link between stock prices and news. Byagt al. (2014) document that after correcting
the time stamps of analyst recommendations, these becoingpartant determinant of stock price jumps.
More anecdotally, Lee and Mykland (2008) report that onlpe'@r two” of 24 detected jumps were not
associated to news.

We therefore expect a significant part of EPMs to be drivendsysthat investors incorporate into prices.
Understanding what news story (most likely) induces an E®hportant for our study, as the type of news
can dfect which informed trading strategy maximizes expectedrnst In Section 3, we showed that the
return-maximizing options trading strategy depends otithimg uncertainty and the magnitude of the stock
price reaction of the future announcement. Both these peteamvary across filerent types of events. For
example, the timing uncertainty is zero for scheduled e/esiich as earnings announcements, but it can
be high for unscheduled events. The direction and magnibfid@ announcement return may be easier to
predict for an M&A deal than for a change of a senior managépesition.

Our primary source for news data is the RavenPack News AosliiowJones Edition. RavenPack
employs textual analysis to identify companies, news caiteg, and news relevance in Dow Jones news
articles and Press Releases published since the year 2@@b. néws story has a milisecond precise time
stamp. Over our sample period, the data includes 7.98 mitl@porate news stories for which a US based
firm and a category were identified. We discard all news stdaewhich the relevance or novelty score is
below its maximum of 100, as well as all stories of firms whiohl ave not able to identify in the CRSP and

Compustat database. Finally, we delete all news aboutale,shcluding articles on stock gains and losses,

2See Roll (1988)’s presidential address to the AFA.
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order imbalance, and technical analysis, as these may lemredaused by an EPM rather than being the
reason for the EPM. These criteria result in 3.3 million netesies.

Especially large firms appear in the news frequently and hotesvs stories that co-occur with EPMs
caused them. To associate specific news stories with EPMgreceed as follows. Similar to Bradley
etal. (2014), we estimate logistic regressions to sepgrakentify the determinants of positive and negative
EPMs. More specifically, we regress an indicator of positwenegative EPMs on variables indicating
RavenPack news categories. Theffioents obtained from these regressions are the log of the-dib,
which has a straightforward interpretation. Forft@genti, it indicates by what factor the odds of observing
an EPM changes if news are reported (only) in categoryor instance, on a day with no other reported
news, the odds of observing an EPM increase by a factor ofiBrigws are published that earnings per
shares are above expectations.

The sample includes all 11.4 million stock-days includethi sample for which we estimate EPMs as
described in the previous section. For a given stock-dagwssrindicator is set equal to one if news in that
category were reported for the stock between 4 p.m. on theguetrading date and 4 p.m. of the given
day. There are 527 news categories in the RavenPack datalbasee ignore all categories for which not a
single news observation is made on a positive (negative) B&MWe include indicator variables for all 80
(81) remaining categories.

Tables 1 and 2 only report statistics for all indicator Vialés that are significant at the one percent
level. To account for multiple hypothesis testing, we usefBooni adjusted p-values, implying a minimum
t-value of 4.12. Overall, results are intuitively appeglinEvents that are typically associated with large
and significant announcement returns, such as M&A annouecesnor negative news about clinical trials,
have high odds ratios. In line with Bradley et al. (2014),lgstarelated news are important determinants of
EPMs. We use these results to associate news and EPMswe@ssume that only news that are significant
determinants of EPMs (i.e. all news in the categories repdrt Tables 1 and 2) can explain EPMs. Second,
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in case two or more news headlines for a firm are publisheddmtihe end of the previous trading date and
the day of the EPM, we associate the one with the highest adidgswith the EPMWe define an SCN as an
EPM that we can explain by a news headline using this approach

We complement the RavenPack database with information iminga news from Compustat’s Capital
IQ Key Development (CIQKD) database and quarterly earnamgsouncement dates from the Compustat
Quarterly files. We use this information to distinguish bedw scheduled SCNs — which are defined as
SCNs on the day or the day after an earnings announcement waetieduled SCNs that do not occur
with earnings. This matters in our analysis, as there is aupum implied volatilities ahead of scheduled
SCNs. Similar to Cremers et al. (2016), we assume only neltisbed on earnings announcement days to
be scheduled?

Table 3 reports descriptive statistics for the sample oitpesand negative SCNs for each news category.
Not surprisingly, news about a firm being acquired are aasegiwith the highest announcement returns,
and almost always induce a significant amount of tradingi@¢tiNegative news about drug developments
are comparable, even though the subsample is substastiadlifer, i.e., 103 SCNs relative to 780 for targets
in mergeftakeover deals. EPMs which we cannot associate to news tigngbove approach (and which
we thus do not classify as SCNs) often do not occur on dayshigii trading volume, indicating that they
may partly be due to the impact of trading on the prices dafuilil stocks, rather than fundamental news. We
ignore this category of EPMs in the subsequent analysisj@s events may be noise that does not enable

informed trading.

22The authors assume only earnings news to be scheduled. Epweany other news, for instance related to financing, grodu
releases etc are published on earnings announcement ldestors trading in options ahead of these will also faegptie-earnings
run-up in implied volatilities, which fiects expected returns. We therefore consider all newsselean earnings announcement
dates as scheduled.
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5. Empirical Analysis

Our objective is to exploit our conceptual framework of imfied trading to improve the identification of
unusual trading activity in the options market. In the sglogmt empirical analysis, we employ it to quantify
expected returns to trading on significant corporate neVZNES, to explain trading patterns prior to these,

and to predict such news.

5.1. Expected Returns Attainable by Informed Trading onSSCN

We exploit the significant heterogeneity in event charésties to understand how informed investors
can leverage private information thatférs in terms of type and precision. In reality, anftaefient from
our previous numerical analysis, the choice of optionsstars can trade is limited. This section aims
to quantify expected returns to informed trading that caratb@ined given this restriction. To do so, we
examine expected returns to hypothetical informed tradm&CNs. Expected returns are computed based
on the assumption that investors trade on a signal about a aemouncement that occurs 10 days later
for unscheduled announcements, and the following day foedwled announcements. In the subsequent
section, we proceed to a more systematic analysis that desthe informed trading measure on a rolling
basis, allowing for dferent trading horizons.

Table 4 reports expected returns to call (put) option t@iround positive (negative) SCNs for each
news category included in our sample. As indicated, exdermtéurns are computed using Equation 4,
assuming that informed investors trade ten days ahead ohadsled news, and one day ahead of scheduled
news. The anticipated stock price reaction is set equalet@tierage return in each category. Similarly, the
signal uncertainty is computed as the standard deviatitimeaeturn. These statistics are reported in Table 3.

Both the median and 90th percentile of expected returnsftonred trading are substantially higher
for events with stronger stock price reactions, such as M&#As example. In most instances, trading

ahead of scheduled news enables a higher leverage. Thissstnt with the high expected returns earned
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from trading in short-dated options traded briefly aheadmo&imanouncement, as documented in Section 3.
However, the empirical analysis reveals that the benefitading shortly ahead of an event are substantially
lower than suggested by the numerical analysis. The linfitatkefits of trading short-term options is due to
the limited availability of short-term options. In theowry,precise timing signal enables informed traders
to obtain substantial leverage by trading in options erpifjust after an event. In practice, thifext is
constrained by the limited number of option contracts imfed investors can trade in. For instance, the
median expected returns to informed trading ahead of pesstheduled and unscheduled analyst opinions
are equal to 120.2 and 103.8 percent, respectively. Tiiereince between the subsamples of scheduled and
unscheduled events is larger for the 90th percentile. Whiediterence between the two subsamples is
statistically significant, its economic significance is &vthan the one in our numerical analysis given the

constrained set of options available for trading.

5.2. Informed Trading Prior to SCNs

The sample of SCNs is restricted to events that jointly featusignificant price movement in the un-
derlying stock and the announcement of news. Using stocle pniovements without news announcements
is redundant, as there cannot be private information abewsty default. Furthermore, focusing on large
stock price reactions insures that the benefits from infdrineding are economically meaningful. Before
we validate that the informed trading measures based orrdheefvork that identifies the optimal trading
strategy to informed investors, we provide supporting enat that SCNs are, indeed, preceded by informed
trading.

Figure 6 plots measures of directional trading activityathef positive and negative events, together
with the diference between the two subsamples. The two measures diatieddrading activity are the
ratio of call volume to total option volume and the impliedatdity of OTM call options to that of OTM

put options. These measures are certainly very naive memasfiinformed trading. However, the evidence
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of informed options trading ahead of news is well documeintegtcent studie$® Amongst others, these
measures do not capture whether option positions are ctosgaened, and they are partly based on datasets
not used in this study. Evidence for unusual trading agtivésed on our simple measures can be expected
to be more pronounced for more informative measures.

As expected, we observe an increase in directional traditigityg ahead of SCNs. The ratio of call to
total option volume drops substantially ahead of negatews) meaning that the relative amount of traded
put options, enabling bets on negative price movementeases. This pattern cannot be observed ahead of
positive events, ahead of which there is no significant ceanghe volume-based measure. Thatence
in the average volume measure between positive and negatdgamples increases substantially during the
days before negative news. The lower two panels of Figureogige additional support for the assertion
that informed trading takes place ahead of SCNs. It showglieaaverage ratio of OTM call to OTM put
implied volatility does not dfer significantly between the subsamples of positive andtiveg8CNs until
around thirty to forty trading days ahead of the SCN. During last weeks preceding the event, however,
the measure increases significantly for the subsample afiygSCNs. This indicates that the pricing of call
options, on average, increases relative to that of put optihead of positive news. In contrast, the measure
slightly decreases for the subsample of negative eventanimg that put options become relatively more
expensive ahead of negative events.

In a next step, we examine whether the above patterns aréicagitly different between the subsample
of scheduled and unscheduled SCNs, and whether fferatices are consistent with our expectations. We
classify any event as scheduled if it falls on a quarterhniegs announcement date. Figure 7 plots the
difference between the average directional trading measueas aliannouncements with positive and neg-
ative stock price reactions. The two measures of diredtivading activity correspond to those plotted in

Figure 6. We observe that the previously documented patexist in both subsamples. More importantly,

2For instance, see Pan and Poteshman (2006), Roll et al.)(2stthson and So (2012), and Ge et al. (2016).
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we document that the increase in thffetience of both measures between the subsample of positiveegn

ative events increases sharply on the one to three daysdimgaescheduled event. In contrast, this increase
stretches over a longer time period ahead of unscheduled. riHiese observations are consistent with our
prediction that informed investors trade (i) briefly aheddaheduled events — despite potential run-ups in

implied volatility, and (i) further ahead of unschedulegepts with uncertain timing.

5.3. Predicting SCNs

The empirical evidence presented previously supportsdtiemthat there is directional informed trading
ahead of SCNs, and that investors trade closer to the anemamt date if news are scheduled, and earlier if
the announcements is unscheduled. Once concern may begthat wicking up uninformed speculation. For
instance, speculators may bet that firms approaching fiabdistress declare bankruptcy by acquiring put
options. As our sample includes those observations forhlwarcactual news event, such as a bankruptcy,
occurred, our previous results may be biased. In the foligndubsection, we address this concern by
predicting SCNs in the aggregate cross-section of stodkiaguhe framework that identifies the optimal
trading strategy in options following noisy signals abopteming announcements.

Table 5 reports results from multinomial logistic regressiof a categorical variable that flags stock-days
on which there is (i) no news, (i) negative news, or (iii) fize news over the next 1-3 days (columns 1 and
2), over the next 1-10 days (columns 3 and 4). This variablegsessed on explanatory variables capturing
trading activity in call and put optionsflering high expected returns to informed traders. The ratere
case is the one without news, ¢eents for negative (positive) events are reported in colsirhand 3 (2
and 4). The sample comprises all stock-days reported in R8FCdatabase over the years 2000-2014 that
are common stocks with a minimum stock price of USD 5, a marikte of more than USD 10mio with
positive trading volume and for which contract specific ealdl put volume data from are available from the
OptionMetrics database.

As opposed to the previous naive analysis, the explanataighles in this exercise are implied from
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our theoretical framework. Relative call (put) volume idided as the volume of call (put) options with high
expected returns to informed trading scaled by total calf)(polume. Expected returns are computed using
Equation 4 for call and put options for a private signal abmuptrice jump of+10% and -10% anticipated
for the next day (columns 1 and 2) or in ten days from now (calsird and 4). High expected returns are
expected returns in the highest decile of the pooled digioh. Similarly, the relative call (put) implied
volatility (Rel. Call IV or Rel. Put IV) is computed as the amge implied volatility of call (put) options
with a high expected return divided by that of all other op&ioOn stock-days for which information about
implied volatilities is missing, even though options wewed, we set the value of Rel. Call IV (Rel. Call
IV) equal to the average value of the pooled sample.

We find that the measures of informed trading that overwdlght/olume or prices of those options that
are return-maximizing to informed investors significamtigdict negative and positive SCNs in the aggregate
cross-section. Consistent with the evidence presentedbpsty, we show that the put option volume ratio
predicts negative corporate news, while the call optiondtiorpredicts positive corporate news. Using this
approach, we can predict positive and negative news in thi¢ trm (over the next three trading days) and
even over the next ten trading da/sThese results cannot be explained by a potential sampletisgldias
and indicate that our theoretical framework enables usdatify informed trading activity in the options

market.

6. Conclusion

In this paper, we propose a framework for descriltirngvinformed investors can leverage their private
information in the options market. Informed investors reegrivate signals which include information
about thetiming of future news events, and theéimpact on stock prices Since this information can be

uncertain, the signal’'s quality influences the choice ofapstrategy as well as the returns to informed

24The negative cdBcient of the call volume measure in the fourth column can Ipdséed with the fact that we compute the ten
days measure assuming that events are expected to occardaye, whereas the dependent variable in our regressianeilemts
over the next ten rather than in ten days.
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trading in the options market. We identify the optimal conation of option type, strike price, and maturity,
as the one enabling informed investors to maximize theieetgul returns accounting for bid-ask spreads
and minimum option prices. These minimal market frictioas cubstantially féect the strategic trading
behaviour of informed investors, and introduces a trafleviahout the need for modeling risk aversion or
more complex price impact frictions. Amongst others, tlaefework predicts that informed investors would
often trade ATM rather than OTM options.

In our empirical analysis, we use the comprehensive Radnfaws database to explain extreme price
movements by news stories and create a sample of 30,97 5icaghicorporate news from twelveffrent
news categories, reported over the years 2000-2014. Wevdiglate our framework in two main ways.
First, we document that naive measures of directionalrigani the options market behaveférently ahead
of positive versus negative news events, which confirms thegmce of informed trading. Patterns in this
suspicious trading activity are consistent with the trgdirehavior of informed investors predicted by our
theoretical framework. Second, we show that measures roagtading activity in call (put) options with
high expected returns computed using our framework predljctificant positive (negative) corporate news
in the aggregate cross-section of stocks. In sum, this gajpeides a framework that identifies the option
strategy that enables informed investors to maximize therége of their private signal under market fric-
tions. This approach is useful to (i) regulators for the dibe of suspect trading activity, and to (ii) private

investors for the prediction of excess stock returns.
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Figure 1: The Hect of Market Frictions and Run-Ups in Implied Volatility &xpected Returns:

The graphs in this figure plot expected returns to informaditig in call options computed using the BSM framework. Tppax

two graphs are based on the assumption that there are naigieet frictions nor a run-up in implied volatility . The bakk spread
and the minimum price are equal to zero. The lines in the twefgyraphs that are labelled “market frictions” assume aaski
spreade of $0.05 and a minimum price of $0.10, all other parametarsairing equal. The lines labelled “scheduled” assume a
Dubinsky and Johannes (2006) run-up in implied volatilingad of the event. On each side, the strike price (matustghosen
such that the graph shows the global maximum of the expeetednrfunction. This explains why the maxima in the left ahed t
right graphs are identical. The timing and magnitude of thesiinduced jump are known with certaink=(2, A;=3/360, o=0,

o a=0), andSy=10,r=.03,0=.4.
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Figure 2: Time Series of Bid-Ask Spreads and the Lowest Bio¢&quity Options:

Panel Aplots the evolution of the average (dotted line) and mediasltied line) of bid-ask spreads. Averages and medians are
computed over all contract-days with a trading volume ofast 100 options and non-negative bid-ask spreBasel Bdisplays

the evolution of the minimum (dotted line) and the first petde (dashed line) of option prices below three dollarsnidia and
percentiles are computed over all contract-days with artgadolume of at least 100 options. Circles mark call optjaresses
mark put options.
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Figure 3: The Hect of Noise in the Private Signal on Expected Returns:

The graphs in this figure plot expected returns to informaditg in call options computed using the BSM framework. Téfe |
(right) graph plots expected returns as a function of the timmaturity (strike price) of the option. On each side, tiikes price
(maturity) is chosen such that the graph shows the globalmar of the expected return function. This explains why ttexima

of each function in the left and the right graph are identitaleach graph, the four lines represent the case of no aasrired
dots), uncertainty about the eventBezt on the stock price, > 0 (blue dash-dots) uncertainty about the time to announaeme
o > 0 (dashed black line), and uncertainty in both dimensiookdblack line). Bid-ask spreads and minimum prices eq0Ge0%
and $0.10, respectively. Furthermoke, 2, A;=30/360,S,=10,r=.03,0=.4.
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Figure 4: Maximizing Expected Returns to Informed Tradingall Optionsdepending omt:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity ™ that maximize expected returns to
informed trading in call options ahead of a positive evena &snction of the time to announcemettt The lower graph displays
the maximum expected retul{R]™?*. Results are shown for three parameter sets.

(1) black solid line: o = 1day, « = 0.2, 0,0.05

(2) blue dashed line: o = 1day, k = 0.05,0,0.05

(3) red dash-dotted liner, = 5 days «x = 0.2, 0,0.05

In all plots,Sp=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure 5: Maximizing Expected Returns to Informed Tradingall Optionsdepending on:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity ™ that maximize expected returns to
informed trading in call options ahead of a positive evena &snction of the expected jump in stock prices,The lower graph
displays the maximum expected retlE[R]™®*. Results are shown for three parameter sets.

(1) black solid line: At = 30days o = 5days ¢,0.05

(2) blue dashed line: At = 30days o = 5 days ¢,0.005

(3) red dash-dotted linest = 3days ox¢ = 0 days ¢,0.005

In all plots,Sg=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure 6: Suspicious Trading Activity ahead of News Events:

This figure plots the average directional trading activitad of positive and negative events (first and third graghjyell as the
difference between the two (second and fourth graph). The tweuresaof directional trading activity are the ratio of callume
to total option volume (first two graphs) and the implied Wity of OTM call options to that of OTM put options (last twgraphs).

The X-axis shows trading days relative to the event and doemalude the day of the event itself.
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Figure 7: Suspicious Trading Activity ahead of Scheduledl ldnscheduled Events:

This figure plots the dierence between the average directional trading activigadtof positive and negative events. The two
measures of directional trading activity are the ratio df walume to total option volume (upper graphs) and the imgivolatility

of OTM call options to that of OTM put options (lower graph3)he left (right) graphs plot these measures for the subsaoipl
scheduled (unscheduled) news, which we define as any ne®yp(riished at the time of a quarterly earnings announceniére
X-axis shows trading days relative to the event and doeswhide the day of the event itself.
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Table 1:0dds Ratios of News Categories for Positive EPMs

This table reports results from logistic regressions ofraticator of positive EPMs on variables indicating RavepaeWws cate-
gories. The sample includes all stock-days in CRSP betw66@ and 2014 with a stock price of at least five dollars, a marke
capitalization of at least ten million dollars and is rest&d to stocks for which we observe news in the Ravenpackads¢sat least
once. We observe 62,913 positive EPMs on 11.4 million stagksd For a given stock-day, a news indicator is set equal ¢o on
if news in that category were reported for the stock betwgam dn the previous trading date and 4pm of the given day. Of 527
Ravenpack categories for corporate news, we ignore aljoets for which not a single news observation is made on #iypos
EPM day and include indicator variables for all 94 remairgategories. This table only reports statistics for indicaariables that
are significant at the one percent level. To account for plelthypothesis testing we use Bonferroni adjusted p-vaingslying

a minimum t-value of 4.12. The “Assigned Category” is theslgeanular definition of news category used in the primaryyaiga
Odds ratios are computed as the exponential of regressasiicients. N4 is the number of news occurrences in the regression, that
is, the sum of the indicator variablblsi,, equals the number of news events of a given category thasarkin the main analysis.

Ravenpack Category Assigned Category Beta Odds Ratio uéval Nieg Ntinal
acquisition-acquirer Acquisition (Acquirer) 1.09 2.98 289 1365 552
acquisition-acquiree Acquisition (Target) 3.39 29.80 484, 1687 668
acquisition-interest-acquiree Acquisition (Target) ?4 11.85 25.28 264 112
analyst-ratings-change-positive Analyst 2.57 13.13 134. 4313 3,281
analyst-ratings-history-neutral Analyst 0.52 1.68 556 591 23
analyst-ratings-set-positive Analyst 0.78 2.19 15.73 435269
price-target-upgrade Analyst 0.67 1.96 4.92 106 33
business-contract Business Contract 0.59 1.80 20.48 23683 6
credit-rating-unchanged Credit Rating 0.56 1.76 5.11 124 7 3
credit-rating-watch-negative Credit Rating 1.49 4.44 584. 198 87
dividend Dividends 0.36 1.43 9.03 1199 142
dividend-up Dividends 0.35 1.42 5.52 414 23
regulatory-product-approval-granted Drug & Product Dewment  1.06 2.89 12.32 224 103
conference-call Earnings 0.33 1.39 8.65 1199 210
earnings Earnings 0.48 1.62 2229 12532 315
earnings-down Earnings 0.39 1.48 9.99 1173 105
earnings-per-share-above-expectations  Earnings 1.14 14 3. 39.25 3694 2,293
earnings-per-share-below-expectations  Earnings 061 84 1. 1441 1082 568
earnings-per-share-positive Earnings 0.53 1.71 21.11 4639316
earnings-positive Earnings 0.63 1.88 22.63 4007 2,222
earnings-up Earnings 0.53 1.70 19.00 3517 259
revenue-above-expectations Earnings 0.52 1.69 17.88 36793
revenues Earnings 0.54 1.72 19.62 5093 877
revenue-up Earnings 0.50 1.64 16.11 2551 134
same-store-sales-up Earnings 0.35 1.43 6.73 681 20
buybacks Financing 0.64 1.90 14.09 851 338
earnings-guidance-up Guidance 0.76 2.15 19.85 1279 643
earnings-per-share-guidance Guidance 0.36 1.44 13.94 7 32595
ebitda-guidance Guidance 0.41 1.50 4.19 142 11
revenue-guidance Guidance 0.27 1.31 10.13 2771 75
revenue-guidance-up Guidance 0.37 1.45 11.05 1537 77
executive-appointment Management Change 0.17 1.19 4.86 49 16 305
merger Merger 1.15 3.15 14.17 444 71
regulatory-investigation Others 1.20 3.32 13.79 254 40
settlement Others 0.50 1.66 4.39 138 39
stake-acquiree Others 1.52 4.59 15.07 152 82
stock-splits Others 1.31 3.69 11.44 144 40
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Table 2:0dds Ratios of News Categories for Negative EPMs

This table reports results from logistic regressions ofraficator of negative EPMs on variables indicating Ravepasks cate-
gories. The sample includes all stock-days in CRSP betw66@ and 2014 with a stock price of at least five dollars, a marke
capitalization of at least ten million dollars and is resed to stocks for which we observe news in the Ravenpackasgaat least
once. We observe 63,565 negative EPMs on 11.4 million stagk.dFor a given stock-day, a news indicator is set equal éo on
if news in that category were reported for the stock betwgam dn the previous trading date and 4pm of the given day. Of 527
Ravenpack categories for corporate news, we ignore alyjoees for which not a single news observation is made on ativeg
EPM day and include indicator variables for all 95 remairgategories. This table only reports statistics for indicaariables that
are significant at the one percent level. To account for plelthypothesis testing we use Bonferroni adjusted p-vaingslying

a minimum t-value of 4.12. The “Assigned Category” is theslgsanular definition of news category used in the primaryyaisa
Odds ratios are computed as the exponential of regressasiicients. N4 is the number of news occurrences in the regression, that
is, the sum of the indicator variablblsi,, equals the number of news events of a given category thasarkio the main analysis.

Ravenpack Category Assigned Category Beta Odds Ratio uéval Neg Nftinal
acquisition-acquirer Acquisition (Acquirer) 0.47 1.60 24. 720 161
analyst-ratings-change-negative Analyst 2.94 18.86 736. 9,181 5,667
analyst-ratings-history-neutral Analyst 0.53 1.70 455 081 18
analyst-ratings-history-positive Analyst 0.53 1.69 8.4 693 21
price-target-downgrade Analyst 1.21 3.35 7.99 107 26
credit-rating-downgrade Credit Rating 0.78 2.18 8.98 230 8 7
credit-rating-unchanged Credit Rating 0.70 2.01 6.20 119 8 4
credit-rating-watch-negative Credit Rating 1.17 3.23 580. 152 63
clinical-trials Drug & Product Development  1.83 6.22 16.70 161 54
conference-call Earnings 0.43 1.54 11.83 1,375 252
earnings Earnings 0.64 1.90 29.45 14,101 2,663
earnings-below-expectations Earnings 0.34 1.40 7.73 81,10 13
earnings-down Earnings 0.52 1.69 15.59 1,997 160
earnings-negative Earnings 0.38 1.46 8.23 1,119 27
earnings-per-share-above-expectations  Earnings 0.68 98 1. 21.11 2,463 1,334
earnings-per-share-below-expectations  Earnings 0.87 38 2. 23.77 1,892 927
earnings-per-share-meet-expectations Earnings 092 2 25 9.62 147 66
earnings-per-share-negative Earnings 0.58 1.79 14.80 201,6 112
earnings-per-share-positive Earnings 0.25 1.28 9.74 95,99 46
earnings-positive Earnings 0.58 1.79 20.83 3,893 611
earnings-up Earnings 0.45 1.57 14.40 2,433 171
operating-earnings Earnings 0.61 1.85 5.13 170 32
revenue-above-expectations Earnings 0.52 1.68 17.16 33,2148
revenue-below-expectations Earnings 0.45 1.57 10.94 11,11 20
revenues Earnings 0.52 1.69 19.26 5,579 248
revenue-up Earnings 0.38 1.46 11.38 2,148 67
same-store-sales-down Earnings 0.53 1.70 8.29 454 113
same-store-sales-up Earnings 0.25 1.28 4.26 558 8
note-sale Financing 0.80 2.22 9.78 304 116
public-offering Financing 1.50 4.49 22.10 409 149
earnings-guidance Guidance 0.88 2.40 24.13 1,583 544
earnings-guidance-down Guidance 1.75 5.73 44.09 1,479 845
earnings-guidance-meet-expectations Guidance 0.24 1.28 4.36 441 19
earnings-per-share-guidance Guidance 0.50 1.65 19.85 583,8 176
revenue-guidance Guidance 0.43 1.54 17.12 3,704 136
revenue-guidance-down Guidance 0.66 1.93 13.19 804 214
revenue-guidance-up Guidance 0.29 1.34 8.26 1,341 36
executive-resignation Management Change 0.84 2.32 15,9989 7 240
merger Merger 0.79 2.20 7.14 170 64
layoffs Others 0.35 1.41 4.29 251 26
legal-issues-defendant Others 0.58 1.79 6.79 199 76
regulatory-investigation Others 0.77 2.17 7.12 132 69




Table 3:Significant Corporate News - Descriptive Statistics

This table reports descriptive statistics for the samplpasfitive and negative news events for each of the categariesich we

assign news in our sample. Displayed are the number of odtsmmg N, the percentage of observations that fall on aniregsn
announcement day and are thus classified as scheduled (% E®&verage, median, and standard deviation of returngekhss

the percentage of observations for which the relative tgadblume (defined as the number of shares traded on a givescadisd

by the number of shares outstanding) is above the 90th pédeceha stock’s distribution of this measure.

Positive News Return
N % EAD Avg. Median Std. Dev. %High Vim.
Acquisition (Acquirer) 552 2790 1142 988 699 8714
Acquisition (Target) 780 1359 2498 2161 1663 9936
Analyst 3,606 4393 1244 1027 874 8924
Business Contract 653 1194 1347 1069 978 7902
Credit Rating 124 1935 1279 966 911 9597
Drug & Product Development 103 BD 1362 1042 1285 8350
Dividends 165 1333 825 697 456 7636
Earnings 7,412 10000 1133 992 628 9021
Financing 338 5592 896 773 509 8432
Guidance 901 5082 1120 974 719 9145
Management Change 305 721 1058 813 1210 6918
Merger 71 1972 1242 1106 808 9296
Others 201 2488 1431 1171 1032 8806
ALL 15211 6930 1173 998 747 8959
No Associated News 2881 1224 1057 871 775 6312
Negative News Return
N % EAD Avg. Median Std. Dev. %High Vim.

Acquisition (Acquirer) 161 807 -1003 -873 647 8447
Acquisition (Target) 0 0.00 000 000 Q00 Q00
Analyst 5,732 5302 -1574 -1254 1117 9478
Business Contract 0 0.00 Q00 000 Q00 Q00
Credit Rating 189 3386 -1508 -11.40 1333 9153
Drug & Product Development 54 By -2262 -1890 1470 9444
Dividends 0 0.00 000 000 000 000
Earnings 6,918 10000 -1115 -9.30 678 9115
Financing 265 1849 -1030 -9.23 587 8792
Guidance 1,970 6137 -1373 -1143 879 9487
Management Change 240 3583 -1333 -9.69 1148 8792
Merger 64 1875 -1078 -8.20 7.95 9531
Others 171 1404 -1373 -1118 966 8772
ALL 15,764 7246 -1326 -10.82 883 9276
No Associated News 2697 1105 -956 -7.93 641 6135
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Table 4:Expected Returns to Informed Trading Ahead of News

This table reports medians (“50”) and the 90th percent®€Y) of expected returns to informed trading in call (putjiops ahead of
positive (negative) SCNs for each news category coveredrisample. Expected returns are computed using Equatiasdiang

that informed investors trade ten days ahead of unschedelsd and one day ahead of scheduled news. The anticipatédsice

reaction and its uncertainty are equal to the average andata deviation of the return in each category, as repontddlle 3.

Positive News Scheduled Unscheduled
50 90 50 90

Acquisition (Acquirer) 11472 47263 9253 31860
Acquisition (Target) 29314 128950 31990 140291
Analyst 12015 52021 10383 44507
Business Contract 11241 57418 9778 48105
Credit Rating 10690 47210 14173 64744
Drug & Product Development 172 121768 12411 71038
Dividends 8371 27423 6716 26900
Earnings 11095 42129

Financing 11357 50683 7725 32279
Guidance 13953 55757 9517 40354
Management Change 18% 66602 9108 46308
Merger 15156 52261 9959 59622
Others 15592 61920 11279 66961
ALL 11586 46554 11068 55315
Negative News Scheduled Unscheduled

50 90 50 90

Acquisition (Acquirer) 10089 31844 6094 26977
Analyst 11896 49772 9518 46394
Credit Rating 8361 56413 6584 39646
Drug & Product Development 687 23343 8880 36766
Earnings 10163 36357

Financing 37.60 15256 4599 17787
Guidance 14981 68808 8424 39810
Management Change 128 48119 8782 46575
Merger 46.88 30897 10546 41790
Others 12648 92075 7525 39201
ALL 11129 44255 8672 42546
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Table 5:Predicting Significant News.

This table reports results from multinomial logistic reggimns of an indicator whether (i) no, (ii) a negative, oi) @ positive
news event takes places over the next 1-3 days (columns 1)amdi next 1-10 days (columns 3 and 4) on explanatory Vi@sab
capturing trading activity in call and put optionffering high expected returns to informed traders. The raterease is the one
without news, cofficients for negative (positive) events are reported in colsithand 3 (2 and 4). The sample comprises all stock-
days reported in the CRSP database over the years 200028ldré common stocks with a minimum stock price of USD 5, a
market value of more than USD 10mio with positive tradingwoé and for which contract specific call and put volume daienfr
are available from the OptionMetrics database. Relatillgjoat) volume is defined as the volume of call (put) optiongwhigh
expected returns to informed trading scaled by total cait)(polume. Expected returns are computed for call and ptibog for

a private signal about a price jump 0% and -10% anticipated for the next day (columns 1 and 2h ¢en days from now
(columns 3 and 4). High expected returns returns are exgheetarns in the highest decile of the pooled distributiomifrly, the
relative call (put) implied volatility (Rel. Call IV or RelPut 1V) is computed as the average implied volatility of ¢plit) options
with high a expected return divided by that of all other optioOn stock-days for which information about implied vibikiés is
missing even though options were traded, we set the valuelbf@all IV (Rel. Call IV) equal to the average value of the f@ab
sample. Standard errors are reported in parentheses.

Short-Term Mid-Term
Neg. Pos. Neg. Pos.
(Intercept) -5.46* -5.76% -4.312 -4.97
(0.24) (024) (a16) (015)
Rel. Call VIm Q00 -0.16 006 -0.16*
(0.10) (Q11) (005) (Q05)
Rel. Put VIm 033 0.06 019 0.03
(0.11) (Q12) (005) (Q05)
Rel. Call IV -0.04 034 0.22 068
(0.20) (018) (015) (Q14)
Rel. Put IV -0.06 -0.04 -0.25° 0.10
(0.19) (020) (Q14) (Q13)

abe Statistically significant at the one, five, or ten percenélerespectively.
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Figure Al: Maximizing Expected Returns to Informed Tradingall Optionsahead of Scheduled Events, depending\tin

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity @ that maximize expected returns to
informed trading in call options ahead of a positive evena &snction of the time to announcemettt The lower graph displays
the maximum expected retul{R]™*. Results are shown for three parameter sets.

(1) black solid line: o = 1day, « = 0.2, 0,0.05

(2) blue dashed line: o = 1day, k = 0.05,0,0.05

(3) red dash-dotted liner, = 5 days x = 0.2, 0-,0.05

In all plots, Sp=10, r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $e4pectively. Events are scheduled,
meaning that there is a run-up in implied volatilities pidiog the event.
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Figure A2: Maximizing Expected Returns to Informed Tradingall Optionsahead of Scheduled Events, depending:on

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity ™ that maximize expected returns to
informed trading in call options ahead of a positive evena &snction of the expected jump in stock prices,The lower graph
displays the maximum expected retlEfR]™®*. Results are shown for three parameter sets.

(1) black solid line: At = 30days o = 5days ¢,0.05

(2) blue dashed line: At = 30days o = 5 days ¢,0.005

(3) red dash-dotted linest = 3days ox¢ = 0 days ¢,0.005

In all plots, Sp=10, r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $e4pectively. Events are scheduled,
meaning that there is a run-up in implied volatilities pidiog the event.
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Figure A3: Maximizing Expected Returns to Informed TradingPut Optionsdepending omt:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturityf @ that maximize expected returns to
informed trading in put options ahead of a positive event mation of the time to announcement. The lower graph displays
the maximum expected retul{R]™*. Results are shown for three parameter sets.

(1) black solid line: o = 1day, « = -0.2, 05,0.05

(2) blue dashed line: o, = 1day, x = —-0.05,0,0.05

(3) red dash-dotted liner, = 5 days x = -0.2, 0,0.05

In all plots,Sp=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure A4: Maximizing Expected Returns to Informed TradingPut Optionsdepending om:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturityf ™ that maximize expected returns to
informed trading in put options ahead of a positive event amation of the expected jump in stock pricas, The lower graph
displays the maximum expected retlE[R]™®*. Results are shown for three parameter sets.

(1) black solid line: At = 30days o = 5days ¢,0.05

(2) blue dashed line: At = 30days o = 5 days ¢,0.005

(3) red dash-dotted lineAt = 3days oa¢ = 0 days ¢,0.005

In all plots,Se=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure A5: Maximizing Expected Returns to Informed Tradin@ynthetic Call Optionsepending omnt:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity @ that maximize expected returns to
informed trading in synthetic call options ahead of a pesigvent as a function of the time to announcemntThe lower graph
displays the maximum expected retlEfR]™®*. Results are shown for three parameter sets.

(1) black solid line: o = 1day, « = 0.2,0,0.05

(2) blue dashed line: o = 1day, k = 0.05, 0,0.05

(3) red dash-dotted liner, = 5 days «x = 0.2, 0-,0.05

In all plots,Se=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure A6: Maximizing Expected Returns to Informed Tradin@ynthetic Call Optionsepending om:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity " that maximize expected returns to
informed trading in synthetic call options ahead of a pesitvent as a function of the expected jump in stock priceShe lower
graph displays the maximum expected retHfR]™®*. Results are shown for three parameter sets.

(1) black solid line: At = 30days o s = 5days ¢,0.05

(2) blue dashed line: At = 30days o = 5 days ¢,0.005

(3) red dash-dotted lineAt = 3days ox¢ = 0 days ¢,0.005

In all plots,Se=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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A. Jump classification

One of multiple criteria used in our definition of an EPM is firevalence of a jump as defined by Lee
and Mykland (2008). We compute the statistjcaf the ratio of the (continuous) stock price return to the

instantaneous volatility:

L= 5 (5)
Ot
where volatility is the realized bipower variation:
1 t-1
a2
oy = K-2 Z |Rj| * |Rj—1| (6)
j=t—k+2

Assuming that the drift and fiusion codficients of the stochastic process describing the stock ddce
not vary a lot whemt (the increment) approaches zero, the authors derive thgnindistribution of the

maximums;

max, | £il — Cn
H

5 )

where¢ has a cumulative distribution functid?(¢ < X) = exp( exp(x)) and:
_ v2log() _ log(r) + log(log()) ®

" c 2c+/2Tog)
1
e yzog ¥
c= E (20)
T

n stands for the number of observations, is the time series indexes such as there is no jump between
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two consecutive time points.

While Lee and Mykland show that misclassification rates elese in data frequency it can also be applied
to daily date?® Following Lee and Mykland’s recommendation, we Ket 16 to compute the statistic
from daily returns.

As in their study, we use a significance level of 5%. The thosis hence equal te log(—10g(0.95)) ~
2.97 For each stock, we obtain a time seriegaflf |£;| exceeds B7 « S, + Cp, the return is classified as a

jump.

25For example, see Cremers et al. (2014).
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