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Abstract

Options on individual stocks can be used to trade against mispricings associated with
various cross-sectional asset pricing anomalies. Based on this insight, we propose an
option volume implied mispricing score (OV 1M S) that is supposed to gauge the degree
to which an anomaly is linked to stock mispricing. Anomalies in the categories of “mo-
mentum” and “profitability” are consistently found among those with high mispricing
scores. We replicate stock positions with options and find large price wedges between
option-implied synthetic and physical stock positions for anomalies characterized by
high OVIMS. These disparities suggest that sophisticated traders strategically em-
ploy options to trade against prevailing stock mispricings. For certain high OVIMS
anomalies, we find empirical evidence that the demand for options is driven by propri-
etary traders of financial institutions. Furthermore, our findings indicate that traders
build option positions particularly during periods of heightened market frictions, where
mispricing is particularly pronounced.
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1 Introduction

In recent years, the empirical asset pricing literature has discerned a large number of patterns
in the cross-section of expected stock returns (e.g. see Chen and Zimmermann (2021) and
Jensen et al. (2023)). Many of these patterns yield economically substantial and statistically
significant alphas relative to conventional asset pricing models, such as the three-factor model
by Fama and French (1993) and its various extensions. Within the finance literature, these
patterns are commonly referred to as anomalies. However, it is not clear which of these
patterns are due to differences in systematic risk exposures across portfolios and which are
due to mispricing. We designate the former as consensual anomalies, alluding to a consensus
among market participants to refrain from trading against disparities in prices corresponding
to cross-sectional variation in discount rates. In contrast, we term the latter type mispricing
anomalies, representing anomalies in the true sense, wherein we assume the existence of

market participants desiring to trade against them but facing frictions impeding their actions.

Persistent mispricing leads to significant misallocations of capital in the real economy.
Binsbergen and Opp (2019) argue that these misallocations lead to distorted investment
policies of overvalued or undervalued firms, and that there would be substantial economic
efficiency gains if these mispricings would be eliminated. It is therefore of crucial importance
to first identify which patterns in the cross-section of expected returns are mispricing anoma-
lies and then understand why financial market participants do not trade sufficiently against

the associated mispricings to profit from them and, at the same time, mitigate them.

To tackle the first problem, we make use of the fact that profit-seeking informed in-
vestors realize that mispricings constitute investment opportunities. Easley et al. (1998) show
that it can be optimal for these investors to trade in the options market rather than the equity
market. More specifically, informed investors can either buy (sell) a put option or sell (buy)
a call option when perceiving a firm as overvalued (undervalued) and aiming to capitalize
on the mispricing. Consequently, we expect to see larger option trading volumes for more
mispriced stocks. If option volume was solely driven by hedging activities rather than also
carrying information about speculation motives, we would not expect to see a volume-price

link between option and equity markets. However, several papers show that option trading



volume carries information about future stock prices (see Pan and Poteshman, 2006; Roll

et al., 2010; Johnson and So, 2012; Ge et al., 2016).

Since options are in zero net supply, every buyer of a call option buys from a seller. In
the absence of foreknowledge regarding the identity of informed investors, it is impossible
to distinguish whether a buyer intends to trade against undervaluation or if a seller aims to
trade against overvaluation. Thus, option trading volume can at best be informative about
absolute mispricing, but not about the direction of the mispricing. Our key identifying idea
is to combine information about option trading volume with anomaly signals: If an anomaly
signal is informative about mispricing, the anomaly should be very pronounced among stocks
with high option trading volume (and thus high absolute mispricing) and less pronounced

among stocks with low trading volume (and thus low absolute mispricing).

In contrast, we do not expect informed investors to trade against consensual anomalies.
Accordingly, if an anomaly signal is only informative about consensual variation in discount
rates, such as variation in risk premia, it should be cross-sectionally orthogonal to the ab-
solute mispricing signal comprised in option trading volume. In short, our argument implies
that consensual anomalies should be evenly spread across stocks with high and low option
trading volume while mispricing anomalies should be concentrated among stocks with high

option trading volume.

To ascertain whether this theoretical argument is empirically reflected in stock data,
we replicate 144 anomalies and examine long-short returns on the set of stocks with tradable
options (details on the data are provided in Chapter 3). Of these anomalies, eleven are
consistently categorized as mispricing-based in the papers by Chen et al. (2023) and Bali
et al. (2023). Panel A of Table 1 displays long-short quintile returns averaged across these
eleven anomalies. We find an unconditional return difference of 0.27% (t¢-statistic of 2.48)
per month. Strikingly, conditioning on the amount of options trading in the underlying, we
discover a monthly quintile long-short return of only 0.05% (¢-statistic of 0.36) among stocks
with low options trading volume, while they earn a monthly quintile long-short return of
0.66% (t-statistic of 4.67) among stocks with high options trading volume. The difference of
0.61% is highly significant with a ¢-statistic of 5.67. An example of an anomaly considered



here is momentum (see Jegadeesh and Titman, 1993) for which we find an average long-
short return of 1.11% on high option volume stocks. Among low option volume stocks, the

momentum anomaly vanishes entirely (long-short returns of -0.01%).

Panel B of Table 1 shows results of the same exercise, but considers nine anomalies
that are consistently categorized as “risk-based” (in Chen et al., 2023) and “other” (in Bali
et al., 2023). These anomalies on average earn monthly quintile long-short returns of 0.22%
(t-statistic of 2.18) on optionable stocks, which is close to the performance of mispricing
anomalies considered above. However, the long-short return of 0.23% (t-statistic of 2.17)
among stocks with low options trading volume is quite similar to the return of 0.28% (¢-
statistic of 2.11) among stocks with high options trading volume and the difference between
these returns is statistically insignificant. An example of an anomaly in this category is the
investment anomaly of Richardson et al. (2005), producing statistically significant long-short
returns of 0.49% among stocks with high option trading volume and of 0.47% among stocks

with low option trading volume.

Drawing from these insights, we introduce an analytical metric termed the Option Vol-
ume Implied Mispricing Score (OVIMS), assignable to each anomaly and naturally ranging
between zero (consensual anomaly) and one (mispricing anomaly). It is constructed as the
difference in long-short anomaly portfolio returns across option trading volume quintiles.
More precisely, we perform 5 x 5 dependent double sorts on the option-to-stock volume (Roll
et al., 2010, denoted O/S subsequently) and the candidate anomaly signal and consider the
difference in anomaly return spreads across O/S quintiles. To ensure independence from the
strength of the candidate anomaly, the resultant measure is normalized by the effect size,

emphasizing a reliance solely on the extend the anomaly is related to mispricing.

We find that anomalies pertaining to the categories denoted as momentum and prof-
itability consistently manifest as instances of mispricing anomalies, characterized by OV IM S
values hovering around 1. In contrast, signals emanating from the categories investment, in-
tangibles, and wvalue typically exhibit either negligible or statistically insignificant OV IMS
values. The most heterogeneous category is frictions. To give examples, eleven-month mo-

mentum and operating-profits-to-equity have OV IM.S of 1.01 and 1.06, respectively. Growth



in book equity, R&D expenses, and the quarterly earnings-to-price ratio have OVIMS of
0.03, 0.13, and -0.11, respectively. Examples within the frictions category include market eq-
uity and idiosyncratic volatility with OV IM.S of 1.05 and 0.91, but also systematic volatility
and the Dimson beta with OVIM.S of 0.05 and -0.22.

But there is also variation within other categories: The annual book-to-market ratio
has an OVIMS of 0.5, statistically indistinguishable from 0 and 1. Consequently, the classic
value does not distinctly align itself with either consensual or mispricing anomaly types.
When considering all individual anomalies that we use in our analysis, we find that OV IM S
is positively related to the strategy’s alpha and other mispricing classifications that have

been recently put forward in the literature (Bali et al., 2023; Chen et al., 2023; Frey, 2023).

In substantiating the validity of our baseline assumption positing that informed in-
vestors employ options as instruments for capitalizing on stock mispricings, we analyze prices
of options vis-a-vis prices of the underlying stocks. In an ideal scenario where market mak-
ers impeccably hedge their option positions, an increased demand for specific options would
seamlessly translate into commensurate price pressure in the stock market. However, Gar-
leanu et al. (2009) point towards challenges faced by market makers in effectively hedging
their option positions during periods of elevated option demand. Consequently, the mid prices
of options may escalate during periods of high demand, even surpassing levels anticipated
by put-call parity. To systematically explore these dynamics, we construct synthetic stock
positions using at-the-money call and put options written on single stocks. By assessing the
price discrepancies between synthetic and actual stock positions, we derive insights about

the directional trading tendencies of option end users.

For anomalies with high OVIMS, i.e., those categorized as mispricing anomalies, our
analysis reveals that option-implied synthetic stock positions within the anomaly short port-
folio are, on average, cheaper than the corresponding stocks themselves, and vice versa for
the long portfolio. These price deviations between stock and options markets strongly sug-
gest that option traders increasingly buy puts or sell calls of stocks included in the short
portfolio, and vice versa for the long portfolio. Stated more explicitly, option traders actively

trade against the direction of the stock mispricing and the resultant demand-driven price



pressure on options palpably mitigates the extend of the anomaly in the options market.
As an example, returns on long-short portfolios sorted by idiosyncratic volatility amount to
0.83% with (physical) stocks, but only 0.72% with synthetic stocks. The difference of eleven
basis points is not only statistically significant, as indicated by a ¢-statistic of 4.26, but also
holds economic significance, considering that arbitrage forces should cause option prices to

align with stock prices.

Conversely, we find no evidence for directional trading demand in case of the majority
of consensual anomalies. Illustratively, the investment anomaly change in book value yields
long-short returns of 0.26% with both stocks and options. This observation holds true even
when we restrict our analysis to stocks with high option trading volume, a measure that

greatly amplifies the stock-option spread for most mispricing anomalies.

Our findings prompt two follow-up questions: Who are those informed investors trading
against mispricings at the options market, and does their trading activity exhibit systematic
temporal variations? To answer the first question, we study agent-specific measures of option
order imbalance to quantify each agent’s net position (long or short) in a given stock. Our
analysis yields empirical support, indicating that proprietary traders build option positions
to trade against mispricings and, by that, serve as the primary catalyst of the observed
price wedges between stocks and option-implied synthetic stock positions. This is true for
mispricing anomalies such as momentum and idiosyncratic volatility. Our finding is consistent
with the notion of informed investors being professionals in financial institutions with large
research departments, equipped with the capability to identify mispriced stocks. In line
with that Beckmeyer et al. (2023) find that proprietary traders heavily trade options to get

exposure to option momentum strategies.

To answer the second question, we start with the premise that informed investors
are particularly motivated to trade against mispricing when it is very pronounced. In such
periods, we expect large spreads between option-implied synthetic and actual stock prices.
We investigate whether these spreads are more substantial during periods characterized by
elevated financial market frictions. Specifically, we conduct regressions of anomaly-specific

stock-option spreads against metrics quantifying the extend of short-sale constraints, stock



liquidity, option liquidity, funding constraints, and intermediary capital constraints.

Other studies have already established a connection between the gap between synthetic
and physical stock prices and frictions: Hiraki and Skiadopoulos (2021) assume the gap as
a measure of the impact of frictions on asset prices without empirically demonstrating this
relationship. Muravyev et al. (2023b) utilize a related measure, namely the difference between
at-the-money call and put implied volatilities, as a gauge for options-implied stock borrowing
fees. While we do not discount the influence of borrowing fees, we also consider other frictions,
and in our analysis, it could be a possible outcome that stock borrow fees explain the entire
variation. Indeed, in our analysis, we find a strong influence of short-sale constraints on all
mispricing anomalies. However, we also observe an impact of stock liquidity, especially on
frictions-based and value-based mispricing anomalies, and an impact of intermediary capital

frictions and funding frictions on profitability-based mispricing anomalies.

The latter observation holds notable policy implications: Our results indicate that
substantive real inefficiencies arising from capital misallocation primarily emanate from the
magnitude of trading costs, manifesting as high short selling costs and low stock liquidity
during periods wherein trading has the potential to rectify prices. Notably, short-selling
costs appear to impede a more effective correction of overvalued firms. Additionally, our
results suggest that improving funding liquidity and mitigating frictions in the financial
intermediary sector also emerges as a factor in the endeavor to enhance the efficiency of

market mechanisms for capital allocation.

Our paper proceeds as follows. Section 2 presents a theoretical framework elucidat-
ing the fundamental rationale underlying our mispricing score. In Section 3 the empirical
analysis of this measure is conducted, classifying anomalies as mispricing- or consensual-
based. Section 4 evaluates anomaly portfolio returns derived from synthetic stock positions,
drawing comparisons with stock anomaly portfolio returns, and explores the relation with
the previously discussed mispricing score. In Section 5, we examine option order imbalance
among various trader types, affirming the active engagement of proprietary traders in trading
against specific mispricing anomalies. Section 6 establishes the relation of the stock-option

difference in anomaly returns with several friction measures, before Section 7 concludes.



Related literature The paper by Binsbergen and Opp (2019) emphasized the impor-
tance of working out which anomalies are mispricing-based. Frey (2023) develops a measure
based on analyst predictions. Although his method is completely different from our ap-
proach, he finds largely consistent results: Anomalies from the momentum and profitability
categories are predominantly identified as mispricing-based in his paper. Bali et al. (2023)
measure firm-level mispricing as the deviation of the firm’s return from the fair rate of return
implied by an IPCA model. They also aggregate their results to an anomaly portfolio level
and find that many momentum, profitability and friction-based anomalies are mispricing-
based. Chen et al. (2023) classify an anomaly as either mispricing- or risk-based depending
on the original authors’ statements. As suggested by the motivating example in the intro-
duction, our score is strongly positively related to these measures, as discussed in detail in

Section 3.3.

Frey (2023) and Bali et al. (2023) make a reference to the concept of build-up vs.
resolution anomalies established by van Binsbergen et al. (2023). This involves looking at
the long-term performance of anomaly portfolios and finding medium- to long-term return
reversals. Our paper focuses on the one-month horizon and shows that option traders mainly
seek exposure to stocks associated with build-up anomalies. We compare our score with theirs

in Section 3.3.

Our paper contributes to a large body of literature suggesting that option trading
volume is informative about the underlying’s stock price. Early contributions to this field
were made by Easley et al. (1998) and Pan and Poteshman (2006), who show that option
volume, once conditioning on the direction of option trades, provides information about
the future stock price of the underlying. Roll et al. (2010) find that total option-to-stock
volume positively predicts announcement returns around earnings announcements, implying
that informed investors use options to maximize the economic gains from their information.
Johnson and So (2012) look at the entire cross-section of (optionable) stocks and find that
option-to-stock volume negatively predicts stock returns in the subsequent period. They
argue that option traders primarily trade on negative news and use options as a tool to

avoid costly short selling in the stock market. Ge et al. (2016) decompose option volume



into open/close buy and open/close sell volumes and find that the volume related to the
purchases of calls that open new positions is the strongest return predicting component of
option-to-stock volume. They highlight the role of options in providing embedded leverage

to informed investors seeking to maximize profits.

We also contribute to the literature examining the impact of frictions on asset prices.
The literature has shown that stocks with high short selling fees earn lower returns on
average. Besides single stock returns, short selling fees are also an important ingredient in
understanding anomaly portfolio returns in particular (see e.g. Muravyev et al. (2023a);
Muravyev et al. (2023b); Drechsler and Drechsler (2021)). Other studies highlight the role
of market liquidity in understanding asset prices. Amihud and Mendelson (1986) consider
the relation between a stock’s market liquidity and expected returns. They find a positive
liquidity premium in the sense that stocks with high bid-ask spreads have higher returns on

average. This relation has been confirmed in numerous subsequent studies.

Liquidity constraints can also impact option prices. Engle and Neri (2010) show that
high hedging costs for an option lead to lower option liquidity. This suggests that option lig-
uidity should also be an important determinant for option prices. Christoffersen et al. (2018)
provide empirical support for this claim and find that illiquid options have higher returns
than liquid ones. However, Duarte et al. (2023) show that their findings are contaminated by
look-ahead bias and, consistent with that, we do not find a strong impact of option liquidity

on the wedge between synthetic and physical stock prices either.

Recently, a growing body of literature suggests that financial intermediaries are marginal
in many asset classes (see e.g. Haddad and Muir (2021); He et al. (2017); Adrian et al. (2014)).
The literature shows that intermediary frictions are an important ingredient in understand-
ing the cross-sectional and time series variation in asset returns. Our analysis reconsiders this
channel, controlling for other types of frictions. We find that financial intermediary frictions

primarily impact the magnitude of anomalies from the profitability category.



2 Mispricing and option trading activity

2.1 A stylized framework

This section provides a framework for a structured analysis of the relation between option
trading volume and anomaly returns. We consider a one-period model with points in time
denoted by t and ¢t + 1 and stocks ¢« = 1,..., . We assume that stocks can be mispriced,
meaning that there can be a wedge between the fundamental value V;; of stock ¢ and the
price P;; for which the stock can be traded. The difference between value and price is given
by

Mz‘,t = V;,t - Pi,t = UMS% (1)

where 5% ~ N(0,1) and o™ quantifies the cross-sectional variation in mispricing. The fact
that the cross-sectional average mispricing is equal to zero is for simplicity but not crucial

for the following arguments.

At time ¢ 41 all firms are liquidated, so that V; ;11 = F; ;1. We assume that the value
of stock 7 evolves as

Viern = Vig + RPy +olel, | (2)

where o] denotes the (time series) volatility in the value of stock i. RP;; denotes a risk

P

i

work, we simply define RP;; =y + ¢"#P¢[i’. The shocks ], and £ff’ are ii.d. N(0,1)-

premium and could be more explicitly related to o} , but, as it is not crucial for our frame-

distributed and independent from 6% . Although our framework allows for other scenarios,
we will assume that o™ > 0 and ¥ > 0, implying that there is cross-sectional variation in

expected returns, which is due to both, variation in mispricing and variation in risk premia.

We can without loss of generality assume that P;; = 1 for all stocks ¢. The return on

stock ¢ can then be expressed as:

P_P
Tigs1 = Pigy1/ Py — 1= My + RP; +0; €414

The goal of the econometrician is to quantify the part of 744 that is in principle



predictable, i.e., M;, and RF;;. However, we assume that these two components are latent
and the econometrician only observes a characteristic j, denoted Cj;;, which is an imperfect

signal. More precisely, we assume that the cross-sectional distribution of characteristic j is

G =t + 5 (65 (Gl 4+ 1= @) 4+ (/1= 625, ) (3)

The cross-sectional mean and standard deviation of the characteristic j are given by p;

given by

and 0;." €5, ~ N(0,1) represents noise in the characteristic and can be correlated across

¥ €5 :1) # 0 for two characteristics j; and j3). ¢; is between

characteristics (i.e., Cov(
zero and one and quantifies how informative the characteristic is about the predictable
components in returns. Sorting stocks into portfolios yields an average return difference
between high-C; and low-Cj stocks if and only if ¢, is positive. The return difference is

ceteris paribus increasing in ¢;.

(¢; is the parameter that is central to the analysis of our paper. It also lies between
zero and one and expresses the extent to which the characteristic j is informative for the
mispricing component relative to the risk premium component. A characteristic with ¢; =0
only captures cross-sectional variation in risk premia but is not informative about mispricing.
In contrast, a characteristic with (; = 1 is only informative about the mispricing component.

Characteristics with 0 < (; < 1 are informative about both components.

Our goal is to estimate (; for each characteristic to quantify if it is rather a mispricing
or a consensual anomaly. For that purpose, we consider an alternative signal that is the
trading behavior of sophisticated agents. Different from the econometrician who only observes
characteristics as signals, we assume that sophisticated agents have private information about

the mispricing component in prices at time t. We assume that they observe a signal
Sit = Vit + Usgzs,t» (4)

where sf:t represents noise in the private signal. It is i.i.d. N (0, 1)-distributed and independent

of all other shocks. S;; can be thought of as an analyst report about the true value of a stock.

!'We can w.l.o.g. assume that y; =0 and o; = 1.
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In line with Easley et al. (1998), we assume that sophisticated agents trade in the
option market when they believe a stock is mispriced. The option trading volume OT'V;; in

options of the underlying ¢ at time ¢ is assumed to be
OTViy = [Siy — Pigl = | My + 057,

The equation implies that sophisticated traders take larger option positions if their signal
indicates a stronger mispricing. Here, we do not look at signed option order imbalance,
indicating whether the sophisticated agents believe stock ¢ is under- or overvalued. The
reason is that options are in zero net supply and, at this point, we do not want to take
a stand on who is sophisticated and consider a particular party’s effective long or short

positions.

Importantly, sophisticated traders only trade against the mispricing component, but
not against the risk premium component. The reason is that they agree with all other market
participants in that the risk premium component is a fair compensation for taking the risk

of holding a long position in a stock.

2.2 Implications

We evaluate the framework quantitatively and assume the following parameters: There are
I = 4,000 stocks in the cross-section and the average risk premium is p?” = 0.01, corre-
sponding to a monthly window. We assume that the predictable part in returns is split evenly
into the mispricing component and the risk premium component with o = % = 0.01.
Unpredictable noise in returns amounts to op = 0.1 and we consider the cases of a perfect
signal (0 = 0) and a noisy signal (0° = 0.5).

We consider informative but noisy characteristics with ¢; = 0.2 and let (; range between
0 and 1. We draw 30,000 samples of returns and characteristics and split them into 100
chunks of 300 observations. We perform dependent double sorts of the 4,000 stocks into

5 x 5 portfolios: We first sort on OT'V and then, within each OT'V-quintile, on the simulated

characteristic. Table 2 shows average returns on the 25 portfolios for the two cases where

11



the characteristic is either only informative about the mispricing component ((; = 1) or the
risk premium component (¢; = 0), and the two cases where the signal is perfect (¢ = 0,

Panel A) or noisy (0° = 0.5, Panel B).

Panel A shows that the return difference between high- and low-characteristic stocks
is increasing in option trading volume. The low option trading volume quintile only contains
stocks for which the absolute mispricing component is small, so that sorting on a character-
istic that is only informative about mispricing ({; = 1) does not yield large return spreads.
If the characteristic is not informative about the mispricing component ({; = 0), but only
about the risk premium component, the size of the return spreads are completely unrelated
to option trading volume. This is because the sophisticated traders do not trade on the risk

premium component.

When the signal is noisy (Panel B), the patterns are very similar. Importantly, the
return spread between high- and low-characteristic stocks is of similar magnitude when
the characteristic is only informative about the risk premium component (¢; = 0). When
the characteristic is informative about the mispricing component ({; = 1), there is now
also a sizable return spread in the low option trading volume quintile. This is because the
characteristic contains additional information about the mispricing component relative to
the private signal. Still, the spread within the high option trading volume quintile portfolio

is much larger.

The findings in Table 2 suggest a relation between (; and the difference between the re-
turn spread within high option trading volume stocks and the return spread within low option
trading volume stocks. To be independent of the total strength of the anomaly (quantified
by ¢;), we normalize this difference by the maximum spread across option trading volume

quintiles and define

(Rhigh OTV high ¢; — RhighoTviowc:) — (RiowOTV highc; — Rlow 0TV 1ow ;)
OVIMSJ — g ’ g J g bl J bl g J bl J

G

max (Rotv, highc; — RoTv,, low;)

Here, Ryigh 0TV high c; denotes the average return on stocks in the high OTV and high charac-
teristic portfolio and similarly for the other returns. Coming back to the special cases shown

in Table 2, OVIMS; is distinctly positive when (; = 1, i.e., the characteristic is only infor-
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mative about the mispricing component. In contrast, OVIM.S; is close to 0 when (; = 0,

i.e., the characteristic is only informative about the risk premium component.

Figure 1 shows OV IMS; as a function of (; for the situations of a perfect and a noisy
signal. OV IMS; increases monotonically with (; and lies between 0 and 1 when the signal
is perfect. The functional form is slightly S-shaped. The shape is retained if the signal is
noisy, but then OVIMS; only ranges from 0 to, in this case, 0.75. Importantly, since the
amount of noise in the private signal is not specific to any characteristic, we can use OV IM S}
to compare different characteristics in terms of their informativeness about the mispricing

component relative to the consensual component.

3 Mispricing score

In this chapter, we empirically construct the Option Volume Implied Mispricing Score
(OVIMS) for each anomaly that we consider in our analysis. Subsequently, we classify
anomalies into mispricing and consensual types. Our theoretical framework posits that op-
tion traders actively seek exposure to mispriced stocks, viewing them as lucrative investment
opportunities. Consequently, we anticipate that anomalies indicative of mispricing will yield
particularly pronounced long-short returns within stocks characterized by high volumes of
options trading. In contrast, in cases where an anomaly is indicative of consensual variations
in discount rates, we do not anticipate discernible return differences between stocks with

high option trading volumes and those with low option trading volumes.

3.1 Data

In our empirical analyses, we adopt the option-to-stock volume (O/S) metric, as introduced
by Roll et al. (2010), as a readily available measure to quantify the extent of options trading
activity of sophisticated investors. O/S of a stock is given as the total trading volume in
option contracts written on the stock, irrespective of moneyness or maturity, within the
considered month, divided by the corresponding stock trading volume in shares. We obtain

options data from the OptionMetrics Ivy DB database.

13



Bondarenko and Muravyev (2023) show that out-of-the-money (OTM) options are more
informative about future stock returns than at- or in-the-money options, likely since they are
more attractive for speculators due to the fact that they provide higher embedded leverage.
As a robustness test, we also conduct the following analysis with a version of the option-
to-stock volume that only considers trading volumes of OTM options (defined as options
with absolute deltas below 0.375). The findings are very similar to those shown here and

presented in Table A5 of the appendix.

Our analysis is conducted on a cross-section of common stocks, actively traded at
NYSE, AMEX, or Nasdaq. As it is common in the anomalies literature, we exclude financial
companies and companies with negative book equity. In our later analysis, we compare stock
prices with option-implied prices of the underlying, using put-call parity (see Section 4).
Thus, we reduce our sample further to have a consistent data set across all analyses. We only
consider stocks that have options with standard settlement and expiration dates and apply a
number of filters concerning the properties of the options, following Goyal and Saretto (2009).
In particular, we exclude observations where the option price violates standard arbitrage
bounds: Options with an ask price lower than the bid price, a bid price of zero, and with
a bid-ask spread lower than the minimum tick size. In addition, we delete observations
where the open interest is equal to zero. Since our later analysis stems from put-call parity
(see Section 4), we control for the possibility of early exercise by excluding stock months
with dividend payments and observations where the time value is less than 5% of the option

price.

We consider holding periods between two standard maturity dates (usually the third
Friday of a month). At the first trading day of the holding period, we pick the call-put pair
closest to at-the-money (ATM) and expiring in the next month. We do this for each stock
in each month, so that our sample consists of only stocks that have ATM call-put pairs with
one month to maturity. Note that we calculate monthly stock returns for those firms over the
same one month to maturity. Our final sample spans from March 1996 through December

2018 and consists of an average of 979 stocks per month.

We replicate a total of 144 anomalies, following the information provided by Hou et al.
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(2020), and use their categorization of anomalies into the six categories momentum, prof-
itability, frictions, value, investment, and intangibles. Appendix A1l provides a detailed de-
scription of the anomalies used in our analysis (see Table A1) and data pertaining to the
replication performance (see Figure Al). Importantly, our restricted sample is much smaller
with respect to the time-series and the cross-sectional dimension than the samples used
in other studies, such as Hou et al. (2020). While some anomalies are more pronounced,
many are less pronounced on the subsample of optionable stocks between 1996 and 2018.
Boll et al. (2023) carefully analyze the difference between the two samples and find that
optionable stocks are on average more liquid and have a higher market capitalization. After
controlling for these differences anomalies are on average as pronounced on optionable than

on non-optionable stocks.

3.2 Mispricing scores of anomalies

We exemplify our mispricing score using three popular anomaly signals: a momentum anomaly
(Releven - returns over the past twelve months, skipping the most recent month), a friction
anomaly ([vol _FF3 - idiosyncratic volatility relative to the 3-factor model), and an invest-
ment anomaly (dBE - annual change in book equity). Specifically, we initially sort stocks
into five portfolios based on their option-to-stock volume and subsequently, within each O/S
quintile, further sort stocks into five portfolios based on the respective characteristic. All
variables that we use for sorting are lagged by one month in order to avoid any look-ahead

bias. The results are presented in Table 3.

We observe a predominantly monotonic increase in long-short returns across the O/S
quintiles for both the momentum and idiosyncratic volatility anomalies. For instance, the
momentum return registers at -0.01% (with a t-statistic of -0.02) per month for stocks in
the lowest O/S quintile. In contrast, for stocks in the highest O/S quintile, the momentum
return significantly escalates to 1.11% (with a t-statistic of 2.79) per month. The resulting
monthly difference of 1.12% is statistically significant, underscored by a t-statistic of 3.70.

Qualitatively similar results are observed for the idiosyncratic volatility anomaly.

In contrast, a distinct pattern emerges for the investment anomaly. The long-short
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return stands at 0.47% (with a t-statistic of 2.52) in the lowest O/S quintile and 0.49%
(with a t-statistic of 1.93) in the highest O/S quintile, with the difference between the
two being statistically indistinguishable from zero. In light of our rationale, we categorize
momentum and idiosyncratic volatility as indicative of mispricing, while the annual change

in book equity is considered more informative about consensual variations in discount rates.

Drawing from these findings, we construct the Option Volume Implied Mispricing Score
(OVIMS) for all anomalies under consideration in our analysis, according to Equation (5).
The OVIMS of the three considered anomalies are 1.01 for Releven, 0.91 for Tvol _FF'3, and
0.03 for dBE. Note that OVIMS may assume values exceeding 1 if the long-short returns
within stocks with low option trading volume exhibit negative values. Similarly, OVIM S
can be negative if the long-short returns are larger within stocks with low option trading

volume, relative to those with high volume.

Table 4 presents OV IM S, together with standard errors, t-statistics, and bootstrapped
95%-confidence intervals for all 144 anomalies.? 38 of them exhibit a significantly positive
OV IMS. Notably, anomalies within the profitability, momentum, and friction categories
are frequently among those with large and significant OV IM .S. Specifically, 12 out of the 16
profitability anomalies show significantly positive OVIMS (5 out of 9 for momentum and
11 out of 25 for frictions). Among friction anomalies, those related to return volatility, size,

and liquidity particularly stand out.

These findings suggest that anomalies associated with the momentum, profitability, and
frictions categories are particularly informative about stock mispricings. Further anomalies
pertaining to these categories do not show significantly positive OVIMS at the 5% signifi-
cance level, but the point estimates are still large, suggesting that these anomalies are also
to be interpreted as mispricing rather than consensual anomalies. Examples are SUFE (stan-
dardized unexpected earnings - a momentum anomaly) with an OVIMS of 1.35, CV Dtv

(coefficient of variation for dollar trading volume - a frictions anomaly) with an OV IM S of

2The t-statistics reported in Table 4 are computed by taking the effect size in the definition of OVIMS as
given. Thus, they neglect the sampling variation in the maximum long-short return across O/S quintiles.
The bootstrapped confidence intervals also control for this sampling variation. We find that doing so does
not influence the results materially, since the sampling variation in the effect size in the denominator of the
definition of OVIM S is strongly correlated with the spread in long-short returns in its enumerator.
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0.97, and Opa (Operating profitability-to-assets) with an OV IMS of 0.64.

Conversely, we observe less pronounced results for anomalies within the value, invest-
ment, and intangibles categories. Only 4 of the 25 value anomalies display positive and sig-
nificant OVIMS (3 out of 38 in the intangibles category and 3 out of 31 in the investment
category). In contrast, we find that 11 out of 25 value anomalies are significantly smaller
than 1 (11 out of 38 for intangibles and 10 out of 31 for investment), suggesting that these
anomalies rather provide information about consensual variations in discount rates, rather

than mispricing.

However, the picture is colorful, rather than just black and white. Many anomalies
have OVIMS’s between 0 and 1. For example, the annual book-to-market ratio BMa - a
classic value anomaly - has an OVIMS of 0.5, and the confidence interval includes 0 and 1.
Thus, our measure can neither clearly rule out a risk-based rationale (as advocated by, e.g.,
Kogan and Papanikolaou (2014) and Donangelo (2021)), nor a mispricing-based rationale
(as advocated by, e.g., Daniel et al. (2001) and Ali et al. (2003)).

Moreover, as OVIMS is a return-based measure and can only be calculated on a
relatively short sample, it is naturally estimated with substantial estimation error. It is
thus instructive to consider average OV IMS across anomalies in the different categories.
The average OV IMS of momentum and profitability anomalies are both equal to 0.88,
in line with our earlier assessment that these anomalies are rather mispricing anomalies.
Value, investment, and intangibles anomalies have average OVIM S of 0.21, 0.22, and 0.20,
respectively and can thus, on average, be considered consensual. Friction anomalies have an
OV IMS of on average 0.57 with a lot of variation across anomalies. Friction-based anomalies
can vary greatly in their nature and should therefore not be seen as a uniform category. As

a result, it is also not possible to clearly label them as mispricing or consensual anomalies.

3.3 Relation with other mispricing scores

In this section, we compare OV IMS with other mispricing scores. The most popular and
most commonly used score in the literature is a strategy’s alpha, relative to a factor model.

Under the assumption that the used factors span the stochastic discount factor (or its pro-
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jection on the set of tradable assets), the alpha quantifies the (short-term) difference between

the fair and the observed average rate of return.

We compare an anomaly’s OVIMS to its unconditional, full sample alpha relative to
the CAPM, the Fama and French (1993) three-factor model, the Fama and French (2015)
five-factor model, and the Hou et al. (2015) g-factor model. To ensure consistency between the
timing of anomaly portfolio returns and factor returns, we manually calculate factor returns
from option maturity to option maturity. To this end, we use daily portfolio returns from
the data libraries of Kenneth R. French and Hou-Xue-Zhang. Following, we use the quintile
long-short returns of anomalies and compute unconditional, full sample alphas spanning from
March, 1996 to December, 2018. We plot an anomaly’s alpha against its OVIMS and fit a

linear model. Figure 2 shows the results.

We find positive relationships between the anomalys’ unconditional alphas and their
OV IMS across all four factor models. This means that on average high OV IM S anomalies
have higher unconditional alphas than low OV IMS anomalies. There is some variation
especially for some of the high OVIMS anomalies showing negligible alpha. This is not
surprising as we consider a sample of optionable stocks which might influence the effect size
of certain anomalies. Also, many asset pricing models such as the three-factor, five-factor
and g-factor model precisely account for the variation in returns that is produced by many

high OV IMS anomalies pertaining to the profitability or friction category.

We also compare OV IM S with other mispricing measures that have been recently put
forward in the literature. Firstly, we consider the mispricing measure introduced by Bali et al.
(2023, hereafter referred to as BBW), which assesses mispricing as the deviation of a firm’s
return from the fair rate of return implied by an IPCA model. They also aggregate their
results to an anomaly portfolio level which we use for our comparison. Similarly, we examine
the mispricing classification by Chen et al. (2023, hereafter referred to as C'LZ), which
categorizes anomalies as either mispricing- or risk-based, depending on the statements of the
authors of the original papers. Additionally, we consider the mispricing measure presented
by Frey (2023, hereafter referred to as Frey), which employs earnings forecasts to link

anomalies to biased expectations and mispricing. Lastly, we use the measure introduced by
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van Binsbergen et al. (2023, hereafter referred to as BBOT'), which categorizes anomalies

into types exacerbating or resolving mispricing.

To overcome the challenge that every study uses its own subset of anomalies, we man-
ually match anomalies and their mispricing measures to those that are used in our study. We
successfully match 110 anomalies from BBW to those in our analysis (94 from C'LZ, 82 from
Frey and 30 from BBOT). We exclude another 30 matched anomalies from C'LZ where the
authors were agnostic and could not assign an anomaly into mispricing- or risk-based classi-
fications, effectively leaving 64 matched anomalies pertaining to the two categories. Out of

the 110 matched anomalies from BBW, 41 anomalies are classified as mispricing-based by

the authors (47 for CLZ and 37 for Frey).

For BBW ,CLZ, and Frey, we create a dummy variable indicating whether the authors
classify the anomaly as mispricing-based. For BBOT', we report the price wedges, as the
categorization of anomalies into types exacerbating (corresponding to a positive wedge)
or resolving (corresponding to a negative wedge) mispricing differs from the other three
scores. Subsequently, for every matched anomaly, we plot the mispricing dummies of the
anomalies against their OVIMS. We also fit a logistic model, with the fitted value indicating
the probability of an anomaly being classified as mispricing-based by the respective authors,
given its OVIMS. For BBOT', we fit a linear model as the dependent variable is not binary.

Figure 3 shows the results.

We find that classification via OVIMS leads to results that are largely consistent
with other mispricing classifications. High OV IMS anomalies exhibit a higher probability
to be classified as mispricing-based by BBW, C'LZ and Frey in comparison to low OVIMS
anomalies. Noteworthy is the alignment with BBW | where low OV IM S anomalies exhibit
a near-zero probability of being classified as mispricing-based, while those with high OVIMS
values demonstrate a probability approaching 75%. The probability that a high-OVIMS
anomaly is classified as mispricing in the original article is also 75%, as indicated by the
CLZ graph. However, for low-OVIM S anomalies this value exhibit 50%, indicating that the
authors of the original articles explain their findings by a mispricing channel more frequently

than BBW (who use a rather sophisticated factor model).
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In the case of Frey (2023), we find the lowest probability, around 60%, for high OVIMS
anomalies to be classified as mispricing-based. One reason for this result is the fact that many
high OVIMS anomalies pertaining to the friction category such as Dtv (dollar trading
volume), STR (short-term reversal), M E_June (size), Ami (illiquidity) or PPS (price)

amongst others are classified as “other”, i.e. not mispricing-based, by Frey (2023).

Lastly, we find a tendency for low OV IMS anomalies to resolve mispricing in the
spirit of van Binsbergen et al. (2023) while high OV IMS anomalies tend to do less so. This
is not surprising, since van Binsbergen et al. (2023) find that especially profitability and
momentum-based anomalies exacerbate mispricing instead of resolving it. Our findings show
that those anomalies exhibit consistently high OV IMS. At the same time, risk-based anoma-
lies may appear as resolution anomalies if the corresponding risk factor is not accounted for
in the asset pricing model. This is consistent with low-OV I M S anomalies exhibiting strongly

negative price wedges.

4 Demand-based option pricing

The baseline assumption behind our mispricing score is that informed traders recognize stock
mispricings and use the options market to trade against them. The definition of OVIMS
rests on the assumption that option trading volume is indicative of informed trading, but it
does not take the direction of the option trades into account. However, if our assumptions are
correct, informed traders will build option positions with positive exposures to undervalued
stocks, i.e., buy calls or write puts. Conversely, they buy puts or write calls if they perceive

a stock as overvalued.

Garleanu et al. (2009) show that option dealers cannot hedge their positions perfectly
due to various reasons, such as transaction costs, the inability to trade continuously, or jumps
in the underlying. This inability results in the fact that an increase in end user demand for an
option can drive its price away from its frictionless counterpart. According to the demand-
based option pricing theory, increased buying pressure for calls and selling pressure for puts,

resulting from an underpriced stock, lead to higher call prices and lower put prices. In this
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case, acquiring a synthetic long stock position (an options position with a delta of one) is
thus more expensive than buying the underpriced stock position itself. The option position
can still be the better choice for the informed trader due to the built-in leverage and potential
other frictions in the stock market. Importantly, if informed traders heavily trade in options
of underpriced stocks, the option positions replicating these stocks should increase in price,
meaning that the synthetic stock positions are less underpriced than the stocks itself. The

exact opposite should hold for overpriced stocks.

4.1 Empirical approach and data

To analyze this potential channel empirically, we consider a model-free decomposition of the
excess return r¢ on a stock S into the return rx on a synthetic forward F', consisting of a

long-call and a short-put position, and the excess return r¢ on a so-called conversion trade:

e St — So
re = —SO —To,T
P — Fy+ (St — Fr) — (S — Fy)
= S —To,T
‘ (6)

_Pr—FR  (Gr=Gy |
= S S 0,T
=7rp+ 1.

Here, 14, 4, denotes the risk-free interest rate between times ¢; and ¢ and F; = C; — P, is the
price of a synthetic forward, with C; (P;) denoting the time-¢ price of a call (put) with strike
X and maturity T. G; := Sy — C; + P, denotes the price of the conversion position, being
long in the stock and short in the synthetic forward. Note that all returns are calculated

relative to the stock price Sy at initiation.

Why is Equation (6) an interesting decomposition? Ofek et al. (2004) define the syn-
thetic stock price as
X

Sr=0C,—-P, )
t ! t+1+rt,T

(7)

At maturity, the payout of this option position is S, so that S% = Sr. Put-call parity implies
that for non-dividend paying stocks, this equality also holds before maturity, i.e., S} = S;.
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However, demand pressure may drive the price of the option position away from S.

For the special case of at-the-money-forward options, i.e., with X = Sy(1 + ro 1),
substituting Equation (7) in Equation (6) shows that the returns on the synthetic forward

and the conversion have handy interpretations:

S~ S, (8)

Most importantly, the excess return on the conversion position does not depend on the
realization of the stock price at maturity. A conversion built from at-the-money options is
a perfectly hedged position and its return is given by the relative price difference between

synthetic and physical stock positions at the time of the initiation of the trade.

In the subsequent analysis, we consider for each stock in our sample the returns on
the stock, the synthetic forward, and the conversion position. As before, we form quintile
portfolios using the 144 firm characteristics discussed earlier as sorting criteria and consider
equal weighted portfolio returns. We use the sample laid out in Section 3.1 and report
returns between two maturity dates. Importantly, we hold all options until maturity, so that

conversion returns are really given by price differences at the initiation of the trades.

In instances where a firm characteristic is informative about mispricing, a portfolio sort
entails assigning undervalued stocks to the long portfolio, i.e. portfolio 5. If informed traders
buy calls or sell puts to trade against this undervaluation, we expect the price pressure to
drive the synthetic stock price up, relative to the price of the physical stock. This results in
positive conversion excess returns for underpriced stocks. The opposite is true for overpriced
stocks, i.e., we expect to see negative excess conversion returns for stocks in portfolio 1.
In total, this implies that for any characteristic that is indicative of mispricing, we expect

positive and large conversion long-short (i.e. portfolio 5 - portfolio 1) returns.

Contrarily, in cases where a firm characteristic is indicative of consensual variations
in discount rates, we expect a lack of discernible evidence supporting directional trading

demand from option traders. This infers that the conversion long-short returns associated
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with such anomalies should be statistically indistinguishable from zero.

4.2 Findings

Just as in Section 3.1, we first analyze returns on the momentum anomaly Releven, the
frictions anomaly Ivol_F'F'3, and the investment anomaly dBE and consider the remaining
141 characteristics afterwards. Returns on the according single-sorted quintile portfolios are
presented in Table 5. For idiosyncratic volatility and momentum—both identified as mispric-
ing anomalies according to the OV IM S criterion—we observe monthly long-short returns of
0.83% (with a t-statistic of 1.88) and 0.49% (with a t-statistic of 1.19) on the stock market.
In contrast, on the options market, the corresponding monthly long-short returns are 0.72%
(with a t-statistic of 1.61) and 0.44% (with a t-statistic of 1.07). Notably, the differences
between the two, quantified by conversion returns, are significantly positive at 0.11% (with a
t-statistic of 4.26) and 0.04% (with a t-statistic of 3.17). These findings not only support our
assumption that informed traders use options to trade against stock mispricings, but they

also show that their trading activity can lead to a substantial reduction of anomaly returns.

The change in book value anomaly has an OV IM S close to zero, so that we categorize
it as a consensual anomaly. It can thus serve as a placebo test in the sense that we do
not expect differences in conversion returns across quintile portfolios, since the directional
option demand does not cross-sectionally line up with dBFE. As expected, the long-short
stock returns are equal to the long-short forward returns. Note that the forward returns are
on average lower than the stock returns, which hints at the interest rate used to calculate
excess returns to be inappropriate (we use the interest rate from OptionMetrics). In the case
of long-short returns, the interest rate cancels out, so it is a good idea to interpret these and

be careful when interpreting the individual portfolio returns.

If our hypothesized economic mechanism is truly at work, we would anticipate an am-
plification in conversion returns for mispricing anomalies when conditioning on the actual
extent of options trading in the underlying stock. To investigate if this implication holds
empirically, we conduct dependent double sorts on O/S and idiosyncratic volatility, momen-

tum, and the change in book equity. Subsequently, we calculate portfolio conversion returns,
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and the results are presented in Table 6.

Consistent with our rationale, we observe substantial spreads in conversion returns
for momentum and idiosyncratic volatility, particularly within the stocks belonging to the
highest O/S quintile. Specifically, for momentum, the (long-short) conversion return stands
at 0.00% (with a t-statistic of 0.23) per month for the bottom O/S quintile and 0.14% (with
a t-statistic of 5.22) per month for the top O/S quintile. The significant difference of 0.14%
(with a t-statistic of 4.25) per month underscores this pattern. Noteworthy variations between
the lowest and highest O/S quintiles arise from recent losers, wherein the conversion return
is 0.12% in the lowest O/S quintile and -0.08% in the highest O /S quintile. For idiosyncratic

volatility, we observe qualitatively similar and even more pronounced outcomes.

Concerning the change in book value anomaly, Table 6 shows that there is no significant
conversion return spread within any O/S quintile. This aligns with our arguments concerning
consensual anomalies, suggesting that market participants do not wish to engage in active

trading strategies against stocks linked to the returns of such anomalies.

Finally, we aim to examine the broader relationship between OV IMS and conversion
returns. Figure 4 illustrates the unconditional conversion returns of anomalies plotted against
their non-normalized OV IMS. The corresponding numbers can be found in Table A2 in the
appendix. Notably, we refrain from normalizing OV IM.S by the effect size in this context
because conversion returns should not only be linked to the mispricing score, but also to
the effect size of the anomaly. This is due to the absence of incentive to trade against an
anomaly if there is no discernible effect in the first place. Consequently, we do not anticipate

significant conversion returns under such circumstances.

Our observations indicate a general increase in conversion returns corresponding to
an increase in non-normalized OV IM S across anomaly signals. The figure illustrates that
anomalies characterized by either a low OV IMS or a small effect size exhibit conversion
returns approaching zero. These very small conversion returns align with our expectation that
investors refrain from utilizing options to trade against stocks influencing anomalous returns
in instances where the anomaly is not indicative of mispricing or possesses a modest effect

size. Conversely, when the anomaly is informative about mispricing and boasts a substantial
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effect size, informed investors appear to employ options to trade against the mispriced stocks,

resulting in elevated conversion returns.

In alignment with our previous findings, we observe substantial conversion returns,
particularly when conditioning on O/S, the volume of option trading in the underlying
assets. We categorize anomalies into five groups based on their non-normalized OV IMS.
Figure 5 shows, for each of these groups, the average non-normalized OVIMS (horizontal
axis) and the mean conversion long-short returns of the highest and lowest O/S quintiles

(vertical axis).

The difference in conditional conversion long-short returns is proportionate to the non-
normalized OV IM S, with conversion long-short returns being notably elevated among stocks
exhibiting high O/S. This pattern is particularly pronounced for anomalies characterized by
high OV IMS, i.e. mispricing anomalies. This empirical observation corroborates our asser-
tion that informed investors utilize options to trade against the direction of stock mispricings.
The resulting demand contributes to the emergence of a disparity between the stock price

and the option-implied stock price, elucidated by the manifestation of conversion returns.

5 Identifying informed investors

Our empirical results prompt an investigation into the identification of informed investors
that trade against stock mispricings at the options market. To achieve this, we develop
agent-specific metrics of option order imbalance, quantifying each agent’s net position (long
or short) in a given stock. These measures are then related to conversion returns associated
with mispricing anomalies. We deliberately zoom in on mispricing anomalies in the subse-
quent chapters, as in general, mispricing anomalies show economically large and statistically
significant conversion returns (as shown in Chapter 4). By doing so, we aim to discover which
agents’ demand is influencing the option-implied stock price, deviating it from the observed

stock price for the stocks driving anomalous returns of mispricing anomalies.
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5.1 Empirical approach and data

We utilize open-close data sourced from the International Securities Exchange (ISE). This
dataset encompasses details regarding open/close buy and sell transactions executed by
various agents, including customers, professional customers, firm broker-dealers, and firm
proprietary traders, for each option associated with a given stock. The market maker position
is inferred indirectly by presuming that they act as the counterparty to either customer or
firm trades. The dataset’s temporal coverage starts in May 2005, thereby establishing our
sample period from May 2005 to December 2018.

One limitation of our analysis in this chapter is that trading on the ISE only covers less
than half of of the total options trading on individual stocks (see Ge et al., 2016; Grauer et al.,
2023). For this reason, we do not use the directional options trading data employed here for
defining our mispricing scores in Chapter 3. The options trading volume from OptionMetrics,
compared to the data used here, encompasses the entire market and is therefore better
suited for defining OVIMS. Nevertheless, if traders engaging in trading against mispricing
anomalies also do so via the ISE, we still hope to gain insights into their identity from the

approximate measure used here.

We aggregate buy and sell volumes pertaining to each specific option and each type of
trader. Our analyses employ a delta-adjusted option order imbalance metric, necessitating the
extraction of an option’s delta from OptionMetrics. We then consolidate the delta-adjusted
buy and sell volumes at the stock-day level. Finally, we compute the option order imbalance

metric for a given stock (s), agent (j), and day (¢):

CallBuys ;i + PutSell, j, — CallSell, j; — Put Buys ;

Ol ;4 = )
it CallBuys; + PutSells, + CallSell;; + Put Buys, ®)
where
Call Buy, j; = Z |Act| - VolBuye j, (10)
calls ¢ on s
and

CallBuys, = ZCallBuys,j,t (11)

J
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and likewise for the other positions. Here, VolBuy, ;+ denotes the volume of trader type j

in option c on day t.

The Ol ;; metric is normalized within the range of -0.5 to 0.5. A value of OI;;; =0
indicates that agent j has not altered their inventory, maintaining a net exposure to the
underlying stock s consistent with the previous day. A positive value of OI ;, signifies that
agent j has adjusted their inventory to acquire a more positive exposure to the underlying
stock on day ¢, while a negative value indicates that agent j has modified their inventory to

attain a more negative exposure to the underlying stock relative to the previous trading day.

One day prior to the formation of the conversion portfolio, we aggregate the agent’s
OlI, ;+ values over the preceding month for each stock, investigating whether an agent accu-
mulates an inventory that results in a net exposure to the underlying stock. Subsequently,
for each mispricing anomaly, we calculate the equally weighted average of the aggregated
OlI, ;+ values for stocks within portfolio 5 and portfolio 1. We compute a long-short option
order imbalance (LSOI) measure for each mispricing anomaly a, trader type j, and month

t as follows:

1 1
LSOIaJ’t — E Z O]s,j,t - ﬁ Z O]sd',t, (12)

sEP5, sePl,
where P1, (P5,) denotes the set of stocks in quintile portfolio 1 (5), sorted on anomaly
signal a. Subsequently, we conduct time series regressions for each mispricing anomaly a and

agent 7 to estimate the following model:
T'Szt = Qg j + 6a,jLSO]a,j,t + 5a,j,t (13)

where rg’jt is the conversion long-short return of mispricing anomaly « in the top O/S quintile
and LSOI, ;. is the long-short option order imbalance measure of trader type j, calculated
over the same portfolios as T'gt. Our specification entails running five distinct time series

regressions, each corresponding to a particular agent j, for every mispricing anomaly a.

A large positive LSOI, ;, for agent j indicates that the agent has built a positive ex-
posure to stocks within the long portfolio (portfolio 5), relative to stocks within the short

portfolio (portfolio 1). Consequently, we anticipate observing a significant and positive co-

27



efficient 3, ; for agent j in cases where the agent trades counter to the direction of stock
mispricings associated with mispricing anomaly a and the resulting demand pressure causes

the option-implied synthetic stock prices to move away from the physical counterparts.

5.2 Findings

We start by discussing the results for the mispricing anomalies Releven and Ivolpgsz, and con-
sider the remaining mispricing anomalies afterwards. Table 7 shows regression coefficients for
LSOI of different trader types. For both mispricing anomalies, proprietary traders exhibit
positive and statistically significant coefficients for the long-short option order imbalance
measure. Specifically, we estimate coefficients of 0.50% (¢-statistic of 3.56) for momentum
and 0.39% (t-statistic of 2.06) for idiosyncratic volatility. These outcomes indicate that pro-
prietary traders associated with financial institutions employ options to trade against the

prevailing stock mispricing direction in both anomalies.

In the case of both momentum and idiosyncratic volatility, we observe negative coef-
ficients for the long-short option order imbalance measure of the market maker, although
these coeflicients are not statistically significant. This suggests that the market maker, when
engaging in trades with proprietary traders, tends to exhibit positive exposure to overval-
ued stocks in the short portfolio and negative exposure to undervalued stocks in the long
portfolio. This aligns with the notion that the market maker charges a premium for the
imperfectly hedgeable risk arising from such exposure, as outlined in Garleanu et al. (2009).
These findings are consistent with our notion of informed investors being professionals in fi-
nancial institutions with large research departments equipped with the capability to identify

mispriced stocks.

Ge et al. (2016) find that option trading volume of proprietary traders does not forecast
stock returns in the subsequent week. They posit that proprietary traders in financial institu-
tions, equipped with access to actual leverage, may not need the synthetic leverage available
in the options market. However, our analysis reveals a more nuanced picture. Where Ge et al.
(2016) consider the full cross-section of optionable stocks, we focus here on particularly over-

and undervalued stocks, as indicated by a high option trading volume and extreme instances
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of two mispricing anomaly signals. For Releven and Ivolpps, we find that proprietary traders
do engage in options trading to counteract stock mispricings. We contend that prop traders

perceive stocks in the extreme portfolios as particularly attractive investment opportunities.

We find similar outcomes for further mispricing anomalies, though not consistently
across all of them. Detailed results are provided in Table A3 in the appendix. Noteworthy
examples include significant coefficients for the LSOI of proprietary traders at the 5% signif-
icance level for anomalies such as Rsiz (momentum), SALEP (value), PM (profitability),
and Rnl (intangibles). In total, among the 38 anomalies exhibiting significantly positive
OV IMS, 11 anomalies demonstrate significantly positive coefficients for the LSOI of pro-
prietary traders at the 10% significance level (6 for professional customers, 3 for customers

and 1 for broker-dealers).

5.3 Are the results driven by insider trading?

Bondarenko and Muravyev (2023) find that several option-based metrics lose their predictive
power around 2009. The authors posit that this decline may be attributed to the contem-
poraneous arrest of Raj Rajaratnam and an unprecedented crackdown on insider trading.
They suggest that these events may have deterred insiders from engaging in options trading,
consequently diminishing the information content of option-based measures. To assess the
potential impact of this phenomenon on our findings, we compute non-normalized OVIMS
and unconditional conversion returns of anomalies starting from October 2009. Subsequently;,
we plot these results on their counterparts derived from the full sample period. The outcomes

are depicted in Figure 6.

We find that the aforementioned events do not substantially alter our findings. First,
anomalies exhibiting high non-normalized OVIMS throughout the full sample period largely
maintain consistent estimates when examined over the short sample period between Octo-
ber 2009 and December 2018, as evidenced by their alignment around the 45-degree line.
Similarly, anomalies demonstrating minimal non-normalized OVIMS across the full sample
period tend to exhibit similarly modest values during the short sample period, albeit with

slightly more variability around zero.
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Second, we even find amplified conversion returns during the short sample period, par-
ticularly for anomalies characterized by large conversion returns throughout the full sample
period. This suggests that informed traders increasingly counteract stock mispricings at the
options market over this time period. At the same time, anomalies displaying negligible con-
version returns over the full sample period demonstrate minimal conversion returns during

the short sample period.

Importantly, our results do not contrast or invalidate the findings of Bondarenko and
Muravyev (2023). While option-based metrics may no longer forecast returns on individual
stocks post-2009, they could still align closely with anomaly signals. These signals are only
very noisy signals of future returns. Additionally, Bondarenko and Muravyev (2023) con-
fined their examination to S&P500 stocks, while our study encompasses all actively traded

optionable common stocks.

6 When do they trade?

We investigate the timing of sophisticated traders’ activities in acting against stock mis-
pricings within the options market. We posit that their motivation is particularly strong in
times when stock mispricings are pronounced, e.g. due to binding financial market frictions.
In such periods, we expect large spreads between option-implied synthetic and actual stock
prices. We therefore investigate whether these spreads are more substantial during periods
characterized by elevated financial market frictions. Our analysis incorporates various indi-
cators, quantifying the extent of short selling constraints, stock liquidity constraints, option

liquidity constraints, intermediary capital constraints, and funding liquidity constraints.

6.1 Data

Short selling constraints Elevated stock borrowing fees represent a significant impedi-
ment when investors intend to counteract overvaluations. Prior studies suggest that investors

frequently resort to the options market to implement synthetic shorting strategies (see e.g.
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Figlewski and Webb (1993), Danielsen and Sorescu (2001), and Johnson and So (2012). Con-
sequently, we anticipate an increase in option demand during periods of elevated short selling
fees, leading to an increase in conversion returns. Notably, Muravyev et al. (2023b) recently
derived a formula directly linking implied volatility spreads to stock borrowing fees, reinforc-
ing the expectation of a positive relationship between conversion returns and short selling
fees. Short selling fee data are sourced from the Markit Securities Finance dataset, specifi-
cally utilizing Markit’s INDICATIVEFEFE, representing the anticipated borrowing cost for a
hedge fund on a given day. The dataset commences in July 2006, therefore for the subsequent

analysis, we consider a sample period spanning from August 2006 to December 2018.

Stock and option liquidity constraints Apart from short selling constraints, various
limitations impede informed investors from exploiting mispricings in both equity and options
markets. When stocks are highly illiquid, the associated trading costs become prohibitive.
In such scenarios, informed investors may find it advantageous to utilize options for trading
against any mispricings. Consequently, we anticipate elevated conversion returns in periods
of heightened stock illiquidity. Our metric for stock liquidity is derived from the bid-ask
spread, as outlined in Corwin and Schultz (2012).

However, options trading may also incur costs due to illiquidity. We posit that dur-
ing phases of elevated option illiquidity, there is a decrease in demand for options, leading
to diminished conversion returns. Our measure of option liquidity is the quoted bid-ask
spread of call options, calculated from the bid and ask prices in the OptionMetrics Ivy DB
database’s option price file. To align with the stock bid-ask spread, we compute monthly

volume-weighted averages of daily call option bid-ask spreads for each stock.

Intermediary capital constraints A growing body of literature, exemplified by Adrian
et al. (2014), He et al. (2017), and Haddad and Muir (2021), underscores the key role of fi-
nancial intermediaries to act as marginal investors in numerous intermediated asset classes.
This literature emphasizes the significance of the intermediary sector’s health in compre-
hending the cross-sectional and time-series variations in stock and option returns. He et al.

(2017) emphasize that the degree of intermediation is particularly pronounced in the options
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market. Our findings in Section 5 suggest that intermediaries, in their roles as prop traders,
actively trade against mispricings in the options market. We anticipate that their demand
will be pronounced during periods of elevated arbitrage capital and subdued during periods
of diminished arbitrage capital. Consequently, we hypothesize a positive correlation between
conversion returns and intermediary capital, utilizing the intermediary capital ratio proposed

by He et al. (2017) in our analyses.

At the same time, intermediaries act as market makers in the stock and options market.
Consequently, in times of low intermediary capital, market makers could be less willing to
act as counterparty in the options market, leading to a more pronounced price impact of
directional option trades. Following this line of argument, we expect a negative correlation

between intermediary capital and conversion returns on mispricing anomalies.

Funding liquidity constraints The TED spread gauges the funding conditions within
the financial intermediary sector, calculated as the disparity between the 3-month LIBOR
rate and the 3-month T-bill rate. The underlying concept posits that a considerably elevated
interbank lending rate in contrast to the risk-free interest rate for government bonds indicates
heightened credit risk in the economy, reflecting a deterioration in funding conditions for
intermediaries. As outlined above, such deterioration may lead to lower conversion returns
as intermediaries, in their role as prop traders, may be less active in trading against mispricing
anomalies in the options markets. In contrast, poorer financing conditions may discourage
intermediaries from acting as market makers in the equity and options markets, leading
to more pronounced price impact of end-user demand for options and, consequently, more
pronounced conversion returns. Data on the TED spread is sourced from the Federal Reserve

Bank of St. Louis.
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6.2 Empirical approach

We estimate the following time series regression relating conversion returns of mispricing
anomalies to market frictions:
rgt =+ 5a,sfSFt71 + ﬁa,basBAStfl + ﬁa,baoBAOtfl

(14)
+Baicr IC Ry + Bajed ' EDy—1 + rﬁt_l + €at

G

where 7,

is the conversion long-short return of mispricing anomaly a in the top O/.S quintile
in month ¢, SF;_; is the cross-sectional average shorting fee at the end of month t—1, BAS;_;
is the cross-sectional average stock bid-ask spread at the end of month t — 1, BAO,_; is the
cross-sectional average call option bid-ask spread at the end of month ¢t — 1, ICR;_ is the
intermediary capital ratio at the end of month ¢t — 1, TED,_; is the TED spread at the end
of month ¢ —1 and rgt_l is the one month lagged conversion long-short return of mispricing
anomaly a. Importantly, the friction measures are realized at the end of the month prior

to the initiation of the conversion positions, which takes place at the third Friday of the

subsequent month. Thus, Equation (14) is really a predictive regression.

We standardize all independent variables to have a mean of zero and a standard devi-
ation of one. Thus, the coefficients can be readily interpreted as the change to the monthly
long-short conversion return corresponding to an anomaly when a friction measure increases
by one standard deviation. An exception is the lagged conversion return, which we leave as
it is, so that the coefficient can be interpreted as a first order auto-correlation coefficient,

controlling for friction measures.

6.3 Empirical results

The regression coefficients corresponding to Equation (14) are presented in Table 8 for the
two mispricing anomalies Releven and Ivol_FF'3. Notably, informed investors exhibit a
propensity to trade options of mispriced stocks, particularly during periods characterized by
elevated stock borrowing fees and diminished stock market liquidity. In the case of short-

ing fees, we observe positive and statistically significant coefficients of 0.15% (t-statistic of
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6.94) and 0.10% (t-statistic of 4.07) per month for idiosyncratic volatility and momentum,
respectively. Additionally, the stock bid-ask spread is found to be significant for idiosyncratic
volatility, displaying a coefficient of 0.10% (¢-statistic of 2.77). The substantial R? values of
31.15% and 23.80% for idiosyncratic volatility and momentum, respectively, underscore the
considerable explanatory power of short selling and liquidity frictions in accounting for a

substantial portion of the effect size of these anomalies in the stock market.

We provide numbers for all mispricing anomalies in Table A4 in the appendix. Our
results reveal that besides short selling and stock liquidity constraints, funding liquidity
constraints and intermediary capital constraints are also important ingredients in explaining
conversion returns of some of the other mispricing anomalies. Two examples are Ole and Gla,
both anomalies pertaining to the profitability category. For these two anomalies, we observe
negative and statistically significant coefficients of -0.07% (¢-statistic of -2.05) and -0.11%
(t-statistic of -3.15) for the TED spread. Simultaneously, we find positive and statistically
significant coefficients of 0.06% (t¢-statistic of 2.80) and 0.07% (t¢-statistic of 2.94) for the
intermediary capital ratio. For both anomalies we find substantial R? values of 20.04% and
33.59%. This implies that informed investors trade options of mispriced stocks related to
these two anomalies, particularly in periods of high funding liquidity and high arbitrage
capital. These findings are in line with the notion of intermediaries acting as arbitrageurs

and trading against anomalies especially in these periods.

We aggregate results for all 38 mispricing anomalies in Figure 7. For each friction that
we consider in Equation (14), we plot the estimated coefficients for each anomaly in each
category. Anomaly names printed in red indicate that the estimated coefficient is significant
at the 5% level. Our findings suggest that short selling constraints play a predominant role
as an explanatory variable. Positive and significant coefficients are observed for the majority
of mispricing anomalies across all categories. Particularly noteworthy is the consistently
positive and significantly estimated coefficients for all mispricing anomalies within the friction
category. Stock liquidity constraints positively impact the conversion returns of mispricing
anomalies, primarily within the friction and value categories. Funding liquidity constraints

exhibit a negative influence on the conversion returns of mispricing anomalies, primarily
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within the profitability category. Similarly, intermediary capital constraints positively impact

the conversion returns of mispricing anomalies only within the profitability category.

7 Conclusion

In recent years, the literature on empirical asset pricing has identified a multitude of patterns
in the cross-section of expected stock returns that cannot be explained by common factor
models—so-called anomalies. Nonetheless, within the academic literature, there remains an
ongoing debate regarding the origins of these identified patterns—whether they stem from
mispricing or, alternatively, arise as a result of consensual variation in discount rates, for
example due to varying levels of systematic risk exposures across stocks. This study aims to
systematically investigate and discern which among these patterns serve as particularly infor-
mative indicators of mispricing. This inquiry is of crucial importance, given that mispricing,

if prevalent, introduces significant inefficiencies into the real economy.

Our approach for classifying anomalies rests on two fundamental yet natural assump-
tions. Firstly, we posit the existence of market participants endowed with the capability
and resources to discern mispriced stocks. Secondly, we assert that these participants may
find it optimal to engage in options trading on identified mispriced stocks. Consistent with
this framework, we observe substantial and statistically significant long-short returns among
stocks with high option trading activity across numerous cross-sectional asset pricing anoma-
lies. Conversely, stocks with low option trading activity exhibit negligible long-short returns
for these anomalies. Building upon these observations, we introduce an analytical measure
termed the Option Volume Implied Mispricing Score (OV IMS), designed to quantify the in-
formational content of anomalies regarding stock mispricing. Our findings reveal that anoma-
lies associated with the momentum, profitability, and friction categories yield the highest
OV IMS, indicating a strong association with stock mispricing. Conversely, anomalies within

the investment, value, and intangibles categories exhibit less pronounced OV IMS.

To validate our empirical observation that sophisticated market participants engage in

options trading concerning stocks influencing mispricing anomalies, we examine price wedges

35



between option-implied synthetic stock positions and their corresponding underlying physical
counterparts. This analysis allows us to discern the directional preferences of option traders.
Our findings indicate that, particularly among stocks exhibiting elevated option trading
volume and for anomalies characterized by a high OVIMS, i.e., mispricing anomalies, the
option-implied synthetic stock prices for stocks within the short portfolio tend to be, on
average, lower than their respective physical stock prices. Conversely, for stocks within the
long portfolio, the option-implied synthetic stock prices are, on average, higher than their
corresponding physical stock prices. In a broader context, we observe that, for the majority
of high OV IM S anomalies, long-short returns are more pronounced in the stock market than
in the options market. In contrast, we find no significant distinctions in long-short returns
between the stock and options markets for the majority of low OV IMS anomalies, i.e.,
consensual anomalies. Our results provide compelling evidence supporting the notion that
informed investors utilize options to strategically trade against stock mispricings, leading to

markedly lower long-short returns for associated anomalies in the options market.

Our findings guide us to two central questions. First, who are the informed investors
trading against mispricings at the options market? And second, does their trading activ-
ity exhibit systematic temporal variations? To answer the first question, we relate price
differences between stock and option positions to agent-specific measures of option order
imbalance. For certain mispricing anomalies, we find empirical evidence suggesting that the
demand emanates from proprietary traders of financial institutions that moves the option-
implied stock price away from the underlying stock price. These findings are consistent with
the notion of informed investors being professionals in financial institutions with large re-

search departments equipped with the capability to identify mispriced stocks.

To answer the second question, we associate anomalous stock-option price differences
with market frictions. We find large stock-option price differences in periods of high short sell-
ing constraints for mispricing anomalies of all categories. Stock liquidity constraints mainly
impact stock-option price differences of mispricing anomalies belonging to the friction and
value category, while funding liquidity and intermediary constraints largely affect stock-

option price differences of mispricing anomalies within the profitability category.
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Our observations bear notable policy implications by suggesting that particularly trad-
ing costs, manifesting as short selling costs and stock liquidity, but also funding liquidity
and frictions in the intermediary sector, impede the endeavor to enhance the efficiency of

market mechanisms for capital allocation.

The fact that momentum and profitability are identified as mispricing anomaly signals
through our measure is noteworthy. Not only do Frey (2023) and Bali et al. (2023) identify
the same categories as associated to mispricing, using a completely different method, but
these two categories are also identified by van Binsbergen et al. (2023) as so-called build-up
anomalies. This means that, according to the authors, anomaly returns move prices even
further away from fair values, rather than resolving mispricing. van Binsbergen et al. (2023,
page 430) emphasize that “intermediaries that choose to trade in the same direction as a
build-up anomaly may in fact be adversely affecting real economic allocations by further
distorting price signals.” Our results represent important stylized facts, crucial for gaining a
better understanding of the mechanisms underlying these anomalies. This is an interesting

and important task for future research.
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Tables

Table 1: Anomaly returns and option trading volume

We match anomalies from Chen et al. (2023) and Bali et al. (2023) to those used in our study. Eleven
anomalies (Ami, Dtv, Releven, RS, OA, Rmomll, dNco, Ive, SR, dNoa, Tur, see Table A1l in
the appendix for further information on the anomalies) are consistently classified as mispricing-
based, while nine anomalies (Beta_-Market, Ivg, HR, dBe, IG2, RCA, Tan, IG3, Coskw) are
consistently classified as risk/other-based by both papers. We calculate long-short quintile returns
averaged across the anomalies in the respective categorizations. We do this unconditionally as well
as conditionally on the option-to-stock volume (O/S, see Roll et al. (2010)) of the underlying. For
the conditional sorts, we sort stocks in five portfolios by their O/S. In each portfolio, we then
sort the stocks in five portfolios by their characteristic. We compute the equally weighted returns
for each portfolio. In each O/S quintile, we create long-short portfolios that buy portfolio 5 and
sell portfolio 1. The sample we consider consists only of optionable stocks. We exclude financial
firms and firms with negative book equity. T-statistics are calculated using Newey and West (1987)
standard errors. *, *x, and %% indicate significance at the 10%, 5% and 1% level. Returns are
displayed in percent. The sample covers the period from March 1996 to December 2018.

Unconditional O/S1 O/S5 A
Panel A: Mispricing anomalies
H-L 0.27** 0.05 0.66** 0.61**
t (2.48) (0.36) (4.67) (5.67)
Panel B: Risk/other anomalies
H-L 0.22** 0.23** 0.28** 0.05
t (2.18) (2.17) (2.11) (0.52)
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Table 2: Simulated portfolio sorts conditional on OTV - Stock returns

We evaluate our theoretical framework in a simulation exercise. We consider 4000 stocks in the
cross-section with an average risk-premium pf* = 0.01 corresponding to a monthly window. We
assume that the predictable part in returns is split evenly into the mispricing component and the
risk premium component with o™ = ¢%F = 0.01. Unpredictable noise in returns amounts to o’
= 0.1 and we consider the cases of a perfect signal in Panel A (¢° = 0) and a noisy signal in
Panel B (¢° = 0.5). Further, we consider informative but noisy characteristics with ¢; = 0.2 and
let ¢; range between 0 and 1. We draw 30,000 panels of returns and characteristics and split them
into 100 chunks of 300 observations. We perform dependent double sorts of the 4,000 stocks into
5 x 5 portfolios. We first sort on OTV and then, within each OTV-quintile, on the simulated
characteristic.

Panel A: 05 =0

G =1 ¢ =20

low OTV high OTV low OTV high OTV
low C 0.99 ces -0.65 0.37 ces 0.38
high C; 1.02 cee 2.65 1.63 cee 1.62
H-L 0.04 . 3.30 1.26 . 1.24
Panel B: 0° = 0.5

Cj == 1 Cj - 0

low OTV high OTV low OTV high OTV
low C} 0.66 cee -0.20 0.38 cee 0.37
high C; 1.33 . 2.19 1.62 e 1.63
H-L 0.67 .. 2.40 1.24 .. 1.25
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Table 3: Portfolio sorts conditional on O/S - Stock returns

In each month, we sort the stocks in five portfolios by their O/S. In each portfolio, we then sort
the stocks in five portfolios by their momentum, idiosyncratic volatility, or annual change in book
equity. We compute the equally weighted returns for each portfolio. In each O/S quintile, we create
long-short portfolios that buy portfolio 5 and sell portfolio 1 to show the cross-sectional variation in
returns according to each sorting criteria. We compute monthly stock returns from option maturity
to option maturity. The sample we consider consists only of optionable stocks. We exclude financial
firms and firms with negative book equity. T-statistics are calculated using Newey and West (1987)
standard errors. *, *x, and *** indicate significance at the 10%, 5% and 1% level. Returns are
displayed in percent. The sample covers the period from March 1996 to December 2018.

0/S

Low 2 3 4 High H-L
Panel A: Releven
Low 1.01 0.90 0.39 0.15 -0.32 -1.33
2 1.13 0.75 0.73 0.87 0.52 -0.61
3 1.04 0.92 0.85 0.85 0.50 -0.55
4 0.85 0.99 0.83 1.09 0.83 -0.02
High 1.01 0.85 1.15 0.90 0.80 -0.21
H-L -0.01 -0.04 0.76 0.74 1.11% 1.12%*
t (-0.02) (-0.12) (1.30) (1.35) (2.79) (3.70)
Panel B: Tvolpps
Low 0.92 0.25 0.20 -0.07 -0.50 -1.42
2 0.97 1.00 0.60 0.68 0.17 -0.80
3 1.13 1.22 1.09 1.05 0.81 -0.32
4 0.96 0.92 1.04 1.09 1.01 0.05
High 1.04 0.97 0.96 1.07 0.81 -0.23
H-L 0.12 0.72* 0.76 1.14** 1.30%* 1.18%**
t (0.29) (1.66) (1.38) (2.51) (3.12) (4.53)
Panel C: dBE
Low 0.82 1.19 0.74 0.45 -0.08 -0.90
2 1.13 1.12 0.96 0.99 0.78 -0.35
3 0.82 1.02 0.87 0.71 0.75 -0.07
4 1.17 0.84 0.92 1.08 0.85 -0.32
High 1.30 0.82 0.94 1.05 0.41 -0.88
H-L 0.47** -0.36 0.20 0.60* 0.49* 0.02
t (2.52) (-1.46) (0.80) (1.79) (1.93) (0.07)
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Table 4: OVIMS across anomalies

We show OV IMS for all anomalies that we consider in our analysis. We compute an anomaly’s
OVIMS as the difference in long-short returns calculated on high O/S stocks and calculated on
low O/S stocks. We normalize this difference by the maximum average long-short return across
the O/S quintiles, that is a measure of the effect size. We report standard errors, t-values and
bootstrapped confidence intervals of the mean. Specifically, we report 95% confidence intervals and
use 20.000 iterations for the bootstrap. We adopt the anomaly categorization of Hou et al. (2020).
All characteristics are signed so that a quintile portfolio sort results in a positive long-short return
on our sample. We compute monthly stock returns from option maturity to option maturity. The
sample we consider consists only of optionable stocks. We exclude financial firms and firms with
negative book equity. The sample covers the period from March 1996 to December 2018.

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
PPS Frictions 1.23 0.25 4.90 [0.78,1.90]
Rsix Momentum 1.09 0.24 4.46 [0.65,1.76]
Ami Frictions 1.15 0.26 4.45 [0.71,1.86]
RNA Profitability 1.23 0.31 4.00 (0.81,1.79]

Ole Profitability 1.38 0.35 3.99 [0.88,1.93]
Dtv Frictions 1.24 0.32 3.86 [0.75,1.89]
Ivol Q Frictions 0.91 0.24 3.83 [0.41,1.64]
Ivol.CAPM Frictions 0.92 0.24 3.82 [0.45,1.73)
Ivol FF3 Frictions 0.91 0.25 3.65 [0.43,1.72]
0] Profitability 1.07 0.31 3.46 [0.67,1.56]
Ope Profitability 1.06 0.31 3.43 [0.62,1.74]
Gla Profitability 1.03 0.32 3.22 [0.54,1.57)
Gpa Profitability 0.86 0.27 3.22 [0.45,1.21]
Ndpq Value 1.48 0.46 3.19 [0.70,1.94]

ME_June Frictions 1.05 0.33 3.16 [0.49,1.79]
TVol Frictions 0.89 0.29 3.02 [0.31,1.74]

Releven Momentum 1.01 0.34 2.98 [0.39,1.74]

CashOP Profitability 0.78 0.27 2.94 [0.34,1.07]

Ivol_ AHT Frictions 0.82 0.28 2.93 [0.32,1.75]
ATO Profitability 0.98 0.34 2.90 [0.39,1.66]
Ebpq Value 1.80 0.63 2.85 [0.48,1.94]

Rmom6 Momentum 0.99 0.36 2,77 [0.34,1.61]
PM Profitability 1.06 0.39 2.76 [0.37,1.77)
Beta_Market Frictions 0.99 0.37 2.65 [0.29,1.85]

Continued on next page
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Table 4 — continued from previous page

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
Cto Profitability 0.95 0.36 2.64 [0.32,1.61]
SALEP Value 1.00 0.38 2.62 [0.32,1.75]
oL Intangibles 1.06 0.42 2.53 0.31,1.78]
Mdr Frictions 0.76 0.30 2.52 [0.17,1.60]
dCol Investment 1.14 0.46 2.46 [0.23,1.68]
Rnl Intangibles 0.85 0.36 2.35 [0.15,1.58]
CashOPI Profitability 0.71 0.31 2.31 [0.12,1.04]
Abr Momentum 1.24 0.57 2.19 [0.13,1.79]
OBA Intangibles 1.14 0.54 2.11 [0.10,1.81]
dFnl Investment 0.81 0.38 2.11 [0.09,1.34]
Ola Profitability 0.79 0.38 2.10 [0.04,1.40]
NPM Value 0.91 0.45 2.01 [0.03,1.66]
Cei Investment 0.69 0.35 2.00 [0.02,1.41]
RS Momentum 0.84 0.43 1.94 [0.01,1.56]
EM Value 0.93 0.49 1.92 -0.05,1.66]
OA Investment 1.89 0.98 1.92 [-0.03,1.94]
RDS Intangibles 1.63 0.86 1.89 [-0.05,1.88]
OCFP Value 0.90 0.50 1.78 [-0.09,1.69]
Rmom11 Momentum 0.65 0.37 1.78 [-0.09,1.21]
Opa Profitability 0.64 0.36 1.76 [-0.09,1.03]
dLti Investment 1.32 0.75 1.75 0.12,1.87]
SUE Momentum 1.35 0.78 1.73 [-0.16,1.86]
Noa Investment 0.75 0.44 1.72 [-0.10,1.37]
dNco Investment 0.47 0.28 1.71 [-0.06,1.06]
LA Investment 0.61 0.37 1.65 [-0.12,1.05]
Ive Investment 0.97 0.60 1.62 [-0.20,1.60]
Etl Intangibles 1.36 0.88 1.54 [-0.36,1.87]
CVDtv Frictions 0.97 0.63 1.53 0.26,1.67]
EP Value 0.68 0.45 1.50 0.29,1.60]
Eprd Intangibles 0.46 0.31 147 [-0.19,0.87]
TS Frictions 1.03 0.70 1.47 [-0.28,1.81]
Sm Momentum 1.41 0.97 1.45 [-0.37,1.84]

Continued on next page
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Table 4 — continued from previous page

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
BCA Intangibles 0.78 0.56 1.40 [-0.24,1.51]
Wwi Intangibles 0.99 0.74 1.33 [-0.47,1.76]
dGs Intangibles 1.03 0.77 1.33 [-0.41,1.72]
TAM Value 1.01 0.78 1.30 [-0.43,1.62]

Ivg Investment 0.67 0.54 1.25 [-0.33,1.24]
dNca Investment 0.40 0.33 1.20 [-0.25,1.07]
TR Frictions 1.03 0.86 1.19 0.55,1.78]
SR Value 0.96 0.89 1.08 [-0.57,1.62]
Cv Frictions 0.91 0.85 1.06 [-0.73,1.73]
cp Value 0.67 0.64 1.05 0.70,1.54]
Thi Profitability 0.79 0.78 1.02 [-0.57,1.62]
ADM Intangibles 0.69 0.70 1.00 [-0.56,1.51]

Iskew_Q Frictions 1.42 1.41 1.00 [-0.88,1.86]
Ral Intangibles 0.53 0.56 0.95 [-0.57,1.28]
STR Frictions 0.90 0.99 0.91 [-0.62,1.63]
BMa Value 0.50 0.58 0.85 [-0.71,1.37]
HR Intangibles 0.28 0.33 0.85 [-0.44,1.07]

Ra6_10 Intangibles 0.40 0.53 0.75 [-0.62,1.11]
Ala Intangibles 0.62 0.85 0.73 [-0.82,1.36]
TPM Value 0.45 0.63 0.71 [-0.89,1.33]
IG Investment 0.42 0.59 0.70 0.75,1.34]
Lfe Intangibles 0.54 0.76 0.70 [-0.73,1.31]
OCA Intangibles 0.28 0.42 0.66 [-0.59,0.86]
dCoa Investment 0.35 0.52 0.66 [-0.74,1.32]
Evr Intangibles 1.22 1.86 0.65 [-1.07,1.72]
EBP Value 0.52 0.92 0.57 -0.85,1.39]
Kzi Intangibles 0.52 0.92 0.57 [-0.98,1.53]
dNoa Investment 0.17 0.31 0.56 [-0.45,0.86]
Ta Investment 0.50 0.94 0.53 [-1.01,1.62]
dFin Investment 0.22 0.43 0.52 [-0.76,1.09]
Ecs Intangibles 0.40 0.89 0.45 [-1.15,1.49]
Iskew_CAPM Frictions 0.35 0.76 0.45 [-1.04,1.39]

Continued on next page
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Table 4 — continued from previous page

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
dPia Investment 0.15 0.38 0.40 [-0.66,0.92]
Altman_Z Profitability 0.41 1.06 0.39 [-1.02,1.49]
dSs Intangibles 0.21 0.56 0.36 -0.91,1.39]
Bl Profitability 0.31 1.03 0.30 [-1.14,1.20]
RDM Intangibles 0.13 0.66 0.20 [-0.82,1.18]
dNcl Investment 0.12 0.61 0.20 [-1.09,1.24]
Pda Investment 0.16 0.94 0.17 [-1.14,1.17]
dLno Investment 0.06 0.33 0.17 [-0.65,0.73]
I0CA Intangibles 0.07 0.46 0.16 [-0.89,0.84]
SG Value 0.09 0.57 0.16 1.02,1.12]
Fra Intangibles 0.07 0.54 0.13 [-0.97,1.03]
Log_Growth_BD Investment 0.13 1.00 0.13 [-1.28,1.12]
TDM Value 0.08 0.69 0.11 [-1.11,0.89]
Esm Intangibles 0.22 3.22 0.07 [-1.53,1.53]
SVR Frictions 0.05 0.80 0.06 [-1.20,0.89]
dBe Investment 0.03 0.56 0.05 [-0.92,0.77]
gAD Intangibles -0.03 1.34 -0.02 [-1.49,1.48]
I1G2 Investment -0.04 0.58 -0.06 [-1.23,1.00]
dli Investment -0.03 0.51 -0.06 [-1.03,0.83]
Rn6_10 Intangibles -0.04 0.49 -0.07 [-0.94,0.87]
dWe Tnvestment -0.06 0.82 0.07 [-1.40,1.39]
Beta_Dimson Frictions -0.22 2.55 -0.08 [-1.43,1.33]
Alm Intangibles -0.05 0.62 -0.09 [-1.43,1.02]
Tadj_Rer Intangibles -0.07 0.74 -0.10 [-1.47,1.20]
RCA Intangibles -0.11 0.89 -0.12 [-1.18,1.01]
Epq Value -0.11 0.62 -0.17 [-1.44,0.81]
Sdd Intangibles -0.11 0.64 -0.17 [-1.32,1.13]
TES Momentum -0.65 3.74 -0.17 [-1.64,1.44]
beta.BD.lev Frictions -0.17 0.53 -0.32 [-1.37,0.79]
BMJ Value -0.23 0.71 -0.33 [-1.58,0.83]
Iskew_FF3 Frictions -0.64 1.74 -0.36 [-1.66,1.18]
PS_Beta Frictions -0.58 1.17 -0.49 [-1.61,1.14]

Continued on next page
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Table 4 — continued from previous page

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
Emq Value -0.36 0.72 -0.50 [-1.59,0.68]
dsSti Investment -0.43 0.79 -0.54 [-1.63,0.96]
Frm Intangibles -0.42 0.76 -0.56 [-1.35,0.78]
Dac Investment -0.68 1.18 -0.57 [-1.74,1.02]

Rn2.5 Intangibles -0.38 0.66 -0.57 [-1.62,0.64]
Tur Frictions -0.30 0.49 -0.61 [-1.46,0.52]
Tan Intangibles -0.96 1.44 -0.66 [-1.71,0.92]
Spq Value -0.35 0.52 -0.67 [-1.65,0.50]
Pta Investment -0.77 1.10 -0.70 [-1.76,0.92]

Ra2.5 Intangibles -0.64 0.85 -0.75 [-1.61,0.78]
Etr Intangibles -0.66 0.82 -0.81 [-1.59,0.72]
Cpq Value -0.54 0.62 -0.86 [-1.65,0.50]
Dmq Value -0.73 0.83 -0.88 [-1.64,0.53]
dSa Intangibles -1.10 1.23 -0.90 [-1.75,1.00]

POA Investment -0.73 0.72 -1.01 [-1.63,0.55]
IG3 Investment -0.78 0.69 -1.13 [-1.73,0.50]
Eper Intangibles -1.18 0.98 -1.20 [-1.76,0.57]
LTR Value -0.96 0.75 -1.28 -1.81,0.37]
dSi Intangibles -1.98 1.42 -1.39 [-1.92,0.58]

Coskw Frictions -1.39 0.99 -1.40 [-1.86,0.46]

Ocpq Value -1.01 0.70 -1.45 [-1.83,0.26]
Amgq Value -1.09 0.67 -1.62 [-1.75,0.18]

AvgCE Investment -1.73 0.94 -1.85 [-1.94,0.07]
NDP Value -1.31 0.62 -2.11 [-1.84,-0.07]
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Table 5: Unconditional portfolio sorts - Stock, forward, and conversion returns

In each month, we sort the stocks in five portfolios by their momentum, idiosyncratic volatility, or
annual change in book equity. We compute equally weighted stock returns, synthetic forward returns
and conversion returns for each portfolio. We create long-short portfolios that buy portfolio 5 and
sell portfolio 1 to show the cross-sectional variation in returns according to each sorting criteria.
We compute conversion returns at the first trading day of an option pair. The stock returns are
calculated accordingly over the one month to maturity of that same option pair. The sample we
consider consists only of optionable stocks. We exclude financial firms and firms with negative
book equity. T-statistics are calculated using Newey and West (1987) standard errors. x, #*, and
x+* indicate significance at the 10%, 5% and 1% level. Returns are displayed in percent. The sample
covers the period from March 1996 to December 2018.

Releven Ivolpps dBE
s rr Tra s rr Tra s rr Tra
Low 0.39 033 0.07 0.09 0.06 0.03 0.62 052 0.10
2 0.83 0.71 0.12 0.68 057 0.11 091 078 0.13
3 0.80 0.68 0.13 1.03 090 0.13 090 0.77 0.13
4 096 083 0.13 1.08 095 0.13 096 083 0.13
High 088 0.77 0.11 092 078 0.14 0.88 0.78 0.10
H-L 0.49 044 0.04* 0.83* 0.72 0.11** 0.26 0.26 0.00
t (1.19) (1.07) (3.17) (1.88) (1.61) (4.26) (1.45) (1.44) (0.28)
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Table 6: Portfolio sorts conditional on O/S - Conversion returns

In each month, we sort the stocks in five portfolios by their O/S. In each portfolio, we then sort
the stocks in five portfolios by their momentum, idiosyncratic volatility, or annual change in book
equity. We compute the equally weighted conversion returns for each portfolio. In each O/S quintile,
we create long-short portfolios that buy portfolio 5 and sell portfolio 1 to show the cross-sectional
variation in conversion returns according to each sorting criteria. We compute conversion returns at
the first trading day of an option pair. The sample we consider consists only of optionable stocks.
We exclude financial firms and firms with negative book equity. T-statistics are calculated using
Newey and West (1987) standard errors. x, xx, and ##x* indicate significance at the 10%, 5% and 1%
level. Returns are displayed in percent. The sample covers the period from March 1996 to December

2018.
0/S

Low 2 3 4 High H-L
Panel A: Releven
Low 0.12 0.11 0.11 0.07 -0.08 -0.20
2 0.14 0.13 0.12 0.13 0.08 -0.05
3 0.12 0.13 0.14 0.13 0.11 -0.02
4 0.11 0.13 0.14 0.15 0.11 -0.01
High 0.12 0.13 0.13 0.12 0.07 -0.06
H-L 0.00 0.03 0.02 0.05** 0.14*** 0.14***
t (0.23) (1.53) (1.02) (3.02) (5.22) (4.25)
Panel B: [’UOZFF3
Low 0.12 0.08 0.10 0.05 -0.14 -0.26
2 0.11 0.14 0.12 0.11 0.04 -0.06
3 0.13 0.13 0.14 0.14 0.11 -0.03
4 0.13 0.14 0.13 0.14 0.12 0.00
High 0.12 0.14 0.15 0.14 0.15 0.03
H-L 0.00 0.06*** 0.05** 0.09*** 0.29*** 0.29***
t (0.02) (2.95) (2.16) (3.41) (6.01) (7.60)
Panel C: dBE
Low 0.13 0.12 0.11 0.12 0.05 -0.09
2 0.13 0.13 0.14 0.14 0.09 -0.04
3 0.12 0.14 0.14 0.14 0.10 -0.02
4 0.12 0.13 0.14 0.13 0.12 0.00
High 0.12 0.13 0.12 0.12 0.04 -0.08
H-L -0.01 0.01 0.01 0.00 -0.01 0.01
t (-0.90) (0.76) (0.67) (-0.36) (-0.48) (0.27)
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Table 7: Regressions of conversion returns on LSOI

We regress a mispricing anomaly’s long-short conversion return on its long-short option order
imbalance. Specifically, we estimate the following model: rg’:t = aq,j + Ba; LSO, j+ + €qt, where
rg’:t is the conversion long-short return of mispricing anomaly a in the top O/S quintile in month
t, and LSOI, j; is the long-short option order imbalance measure of trader type j, calculated over
the same portfolios as Tg’:t, in month ¢. For each mispricing anomaly, we estimate five time series
regressions, one for each trader type. Cust, ProC, BD, Prop and MM are the regressions where
we use the LSOI of trader type customer, professional customer, broker-dealer, proprietary trader
and market maker. We compute conversion returns at the first trading day of an option pair. The
sample we consider consists only of optionable stocks. We exclude financial firms and firms with
negative book equity. T-statistics are calculated using Newey and West (1987) standard errors. x,
%, and **x indicate significance at the 10%, 5% and 1% level. Estimates and R? are displayed
in percent. The sample covers the period from May 2005 to December 2018. Note that the ISE
introduced professional customers only in October 2009. Therefore, the time series pertaining to

professional customers starts from October 2009.

Cust ProC BD Prop MM
Panel A: Releven
const 0.20*** 0.22%** 0.19*** 0.19*** 0.20***
(5.85) (6.72) (6.90) (6.97) (5.24)
15} -0.03 -0.15 0.40 0.50*** -0.06
(-0.63) (-0.46) (1.39) (3.56) (-1.35)
Rgdj -0.43 -0.73 0.48 5.97 -0.07
Panel B: Tvolprs
const 0.42%** 0.47** 0.42%** 0.42%** 0.43***
(10.74) (15.37) (9.54) (11.91) (11.50)
15} -0.07 -0.26 0.33 0.39** -0.03
(-0.73) (-0.68) (0.82) (2.06) (-0.30)
R%, -0.22 -0.49 0.18 2.46 -0.53
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Table 8: Regressions of conversion returns on frictions

We regress a mispricing anomaly’s long-short conversion return on market frictions. Specifically,
we estimate the following model: rgt = g + BaspSFi-1 + BapasBASi—1 + BapaoBAO_1 +
BapkmICRi—1 + Bateal EDi_1 + rg*:tfl + €q,¢, Where rg’:t is the conversion long-short return of mis-
pricing anomaly a in the top O/S quintile in month ¢, SF;_; is the cross-sectional average shorting
fee at the end of month t — 1, BAS;_; is the cross-sectional average stock bid-ask spread at the end
of month ¢t — 1, BAO;_1 is the volume-weighted cross-sectional average call option bid-ask spread
at the end of month ¢t — 1, ICR;_1 is the intermediary capital ratio at the end of month ¢ — 1,
TED,_, is the TED spread at the end of month ¢t — 1 and Tf’tfl is the one month lagged conversion
long-short return of mispricing anomaly a. The independent variables are normalized to have zero
mean and unit standard deviation. We compute conversion returns at the first trading day of an
option pair. The sample we consider consists only of optionable stocks that are in the top O/S
quintile. We exclude financial firms and firms with negative book equity. T-statistics are calculated
using Newey and West (1987) standard errors. *, x*, and s** indicate significance at the 10%, 5%
and 1% level. Estimates and R? are displayed in percent. Note that the data on the shorting fee
starts in 2006, so that the sample period we consider is from August 2006 to December 2018.

const. SF BAS BAO ICR TED Lag R,
Releven  0.18*  0.10** 0.02 0.04 -0.03 -0.01 16.39 23.80

(7.54)  (4.07)  (0.77)  (1.56)  (-0.86) (-0.41)  (1.63)

IvolLFF3 0.44***  0.15**  0.10**  -0.00 0.00  -0.04 312 3115
(9.42)  (6.94)  (277)  (-0.12)  (0.10)  (-1.02)  (0.37)
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Figures

Figure 1: Simulated OVIMS

We show OV IMS; as a function of ¢; for the situations of a perfect (0 = 0) and a noisy (¢ = 0.5)
signal. (; indicates the degree to which a characteristic j is informative about the mispricing
component relative to the consensual component in discount rates. For example, a characteristic
with (; = 1 is only informative about mispricing but does not capture consensual variation in
discount rates.
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Figure 2: OVIMS and alphas

We plot an anomaly’s unconditional, full sample alpha against its OVIMS. We consider alphas
in relation to the CAPM, FF3-factor model, FF5-factor model and the Q-factor model. All
characteristics are signed so that a quintile portfolio sort results in a positive long-short return
on our sample. We compute monthly stock returns from option maturity to option maturity. To
ensure consistency between the timing of our anomaly portfolio returns and factor returns, we also
compute factor returns from option maturity to option maturity. The sample we consider consists
only of optionable stocks. We exclude financial firms and firms with negative book equity. The

sample covers the period from March 1996 to December 2018.
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Figure 3: OVIMS in relation to other mispricing measures

We compare OVIMS to the mispricing measures of Bali et al. (2023) (BBW), Chen et al. (2023)
(CLZ), van Binsbergen et al. (2023) (BBOT') and Frey (2023) (Frey). We manually match the
respective anomalies and measures to the corresponding anomalies used in our analysis. For the
measures of BBW, CLZ and Frey, we create a dummy variable indicating whether the authors
classify the anomaly as mispricing-based. For the measure of BBOT', we report the original price
wedges, as the categorization differs from other authors. We plot the mispricing dummies of the
matched anomalies on OVIM S. We fit a logit model which indicates the probability of an anomaly
to be classified as mispricing-based by the respective author. Additionally, for BBOT, we fit a
linear model as the dependent variable is not binary.
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Figure 4: OVIMS and unconditional conversion returns

We plot unconditional conversion long-short returns of anomalies against their non-normalized
OV IMS. We compute an anomaly’s OVIM S as the difference in long-short returns among stocks
with high O/S and stocks with low O/S. We normalize this difference by the maximum long-short
return across the O/S quintiles, that is a measure of the effect size. We compute conversion returns
at the first trading day of an option pair. The stock returns are calculated accordingly over the one
month to maturity of that same option pair. We compute equally weighted portfolio returns for
each anomaly. The sample we consider consists only of optionable stocks. We exclude financial firms
and firms with negative book equity. The sample covers the period from March 1996 to December

2018.

IvolAHT
MEJune Ami

IVEBRAPM
i . TVol PPS
0.10 VD e

—~ oV Dtv
SN

‘E Wwi
N— Tur

U OC\‘?l SUE

TadjRer TOCA o i
— Al P ATO . Rsix
Ta - . Al Cro Ebpq
LasPOA r”' L@Rﬁ%ﬁ@ﬁm‘[ I\I%‘R G ANGORmagn aw 0BA

— Emq y A “ Nona, AbRD.. R

< 0.00 . Aty Dac e .{%ﬁﬁ" . PMROA ool SARERmG

= Y- Ama dsi " phpeririGb0 - dedi! Stsm o

o) * T Fes stR - TAM  Ep ocFp

= Dmq  FroggBeR@imson EBP

e Ral CHR

o — Sdd ADM

o) LTR

o Ocpq

O NDP

=

T T

OVIMS x man(RO/Sk,higth — RO/Sk,loij) (in %)

53



Figure 5: OVIMS and conditional conversion returns

We assign anomalies into five buckets based on their non-normalized OV IMS. In each of these
five buckets we calculate the mean non-normalized OV IM S and the mean conditional conversion
returns. We plot average conditional conversion long-short returns of anomalies against their average
non-normalized OV IM S. We compute an anomaly’s OV IM S as the difference in long-short returns
among stocks with high O/S and stocks with low O/S. We normalize this difference by the maximum
long-short return across the O/S quintiles, that is a measure of the effect size. OS1 shows the
conversion long-short returns among low O/S stocks. OS5 shows the conversion long-short returns
among high O/S stocks. We compute conversion returns at the first trading day of an option pair.
The stock returns are calculated accordingly over the one month to maturity of that same option
pair. We compute equally weighted portfolio returns for each anomaly. The sample we consider
consists only of optionable stocks. We exclude financial firms and firms with negative book equity.
The sample covers the period from March 1996 to December 2018.
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Figure 6: Long and short sample comparison
To assess whether our results are influenced by the unprecedented campaign against insider trading
launched in 2009 (see Bondarenko and Muravyev (2023)), we plot non-normalized OVIM S and
unconditional conversion returns of anomalies calculated over the period from October 2009 to
December 2018 on their full sample counterparts. The full sample covers the period from March
1996 to December 2018. The dashed line indicates the 45° line. We compute conversion returns
at the first trading day of an option pair. The stock returns are calculated accordingly over the
one month to maturity of that same option pair. We compute equally weighted portfolio returns
for each anomaly. The sample we consider consists only of optionable stocks. We exclude financial

firms and firms with negative book equity.

Short sample

-

o

S
!

0.00 1

Non-normalized OVIMS

Fra
dWe
AltmanZz
betaBDlev

Fon i R0 Al

.y bty
R, & oo (7
gl
Fper R2> ghpPdG R
pdy s TR
rkdvmsgpe
ACEOk R i

Ivol.
Ely

méli()}‘ﬁ}bl
Betallarket
RSH

a1 Op
h‘lhmy,ﬁ Wos
Nl SALEP

Mdr

el

il

HRee Ral  Npw

4silGA8H BMITDMp g, dNea
Nig
dBe
TadjRer
7 Tan Epq

dLti

Ndpq
!

s
Z0le

.

Dtv.
OBA

7
7
7

7 PPS

Rsix

{0 pARNA
SN

7

0.00

1.00
Long sample

55

Unconditional rG

0.20 1 e ,7
7
Mdr 7
7
DEVDtY s
[6)% 7
7
o) CashOP 4
— Qi ,c‘# 4
g(). 104 Bég@} K
g R me . ’
=
—
]
=
¥2().00
0.00 0.10 0.20

Long sample



Figure 7: Conversion returns and frictions

For every mispricing anomaly, i.e. an anomaly with a significantly positive OVIMS, we estimate
the following model: rg*:t = g + BastSFi—1 + BapasBASi—1 + BapaoBAOi_1 + BaicrICRi—1 +
BatedT EDy—1 + Tgtq + €q,t, Where rg*:t is the conversion long-short return of mispricing anomaly
a in the top O/S quintile in month ¢, SF;_; is the cross-sectional average shorting fee at the end
of month t — 1, BAS;_; is the cross-sectional average stock bid-ask spread at the end of month
t—1, BAO;_1 is the volume-weighted cross-sectional average call option bid-ask spread at the end of
month ¢t —1, IC'R;_1 is the intermediary capital ratio at the end of month t—1, TED;_; is the TED
spread at the end of month t — 1 and Tgtq is the one month lagged conversion long-short return
of mispricing anomaly a. We compute equally weighted conversion returns for each anomaly. We
then plot the estimated coefficients for each friction separately for all categories of anomalies. A red
anomaly name indicates that the estimated coefficient is significant at the 5% level for this anomaly.
T-statistic are calculated using Newey and West (1987) standard errors. Estimates are displayed
in percent. The sample we consider consists only of optionable stocks. We exclude financial firms
and firms with negative book equity. The sample covers the period from August 2006 to December

2018.
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Appendix A

For the replication of anomaly portfolios, we use stock data from the Center for Research in
Security Prices (CRSP), accounting data from the Compustat annual and quarterly files and
analysts’ earnings forecasts from the Institutional Brokers’ Estimate System (I/B/E/S). We
mainly rely on the appendix of Hou et al. (2020) and replicate a total of 144 anomalies. All
our anomalies are based on one-month holding periods, in contrast to Hou et al. (2020), who
consider 6-months or 12-months holding period versions for many anomaly signals. We also
adopt their categorization of anomalies into six groups, namely momentum (9 anomalies),
value (25 anomalies), trading frictions (25 anomalies), investment (31 anomalies), profitabil-
ity (16 anomalies), and intangibles (38 anomalies). Table Al provides an overview of the

anomalies that we consider in our analysis.

As a sanity check, we compare the t-statistics of our replication with those reported
in the paper by Hou et al. (2020). For this purpose, we consider equally weighted returns of
long-short decile portfolios. The universe of stocks is the entire cross-section of U.S. common
stocks. We also use the entire cross-section to set breakpoints for the decile portfolios, i.e., we
go long 10% of the stocks and short 10% of the stocks at each point in time. The time period
considered corresponds to the choice of Hou et al. (2020), i.e., the sample generally starts in
January 1967 and extends to December 2016. Due to data limitations, some anomaly signals
are only available later than 1967. In those cases, we again use the same time frame as Hou

et al. (2020).

Figure A1 shows that we successfully replicate the values reported in Hou et al. (2020).
We regress our replicated t-statistics on those reported in their paper and find an insignificant

intercept, a slope coefficient close to 1, and an R? of 96%.



Figures

Figure A1l: Replicating anomalies - T-value comparison

To gauge our replication success of anomalies, we fit a linear model through our replicated t-statistics
and the t-statistics documented by Hou et al. (2020). We use the set of equally-weighted anomalies
with breakpoints calculated using the whole cross-section for the comparison. The y-axis depicts
the t-values from our replication. The x-axis depicts the t-values documented by Hou et al. (2020).
Momentum anomalies are shown in light blue, value anomalies in pink, trading frictions anomalies in
red, investment anomalies in green, profitability anomalies in dark blue, and intangibles anomalies
in dark yellow. We sort out financial firms and firms with negative book equity. The sample period
is January 1967 to December 2016, if not stated otherwise by Hou et al. (2020).

Replication = -0.09 + 1.10 * HXZ + ¢, R? = 96%
(0.09) (0.02)

151

104

Replication

HXZ



Tables

Table Al: Overview over anomalies

This table describes the anomalies that we use in our analyses.

Anomaly ID Explanation Original Paper
Momentum

SUE Earnings surprise Foster et al. (1984)

Abr CAR around earnings announcements Chan et al. (1996)

Rsix Six months momentum Jegadeesh and Titman (1993)
Releven Eleven months momentum Jegadeesh and Titman (1993)
TES Tax expense surprise Thomas and Zhang (2011)
Sm Segment momentum Cohen and Lou (2012)

Rmom11 Residual momentum over eleven months Blitz et al. (2011)
Rmom6 Residual momentum over six months Blitz et al. (2011)
RS Revenue surprise Jegadeesh and Livnat (2006)
Value
BMa Book-to-market Barr Rosenberg and Lanstein (1998)
BMJ Book-to-June-Market Clifford and Frazzini (2013)
TDM Debt-to-Market Bhandari (1988)
TAM Assets-to-Market Fama and French (1992)

EP Earnings-to-price Basu (1983)

CPp Cash flow-to-price Lakonishok et al. (1994)
TPM Payout yield Boudoukh et al. (2007)
NPM Net payout yield Boudoukh et al. (2007)
NDP Net debt-to-price Penman et al. (2007)
EBP Enterprise book-to-price Penman et al. (2007)
OCFP Operating cash flow-to-price Desai et al. (2004)

SALEP Sales-to-price Barbee Jr et al. (1996)

EM Enterprise multiple Loughran and Wellman (2011)

SG Sales growth Lakonishok et al. (1994)

SR 5-year sales growth rank Lakonishok et al. (1994)
Dmgq Debt-to-Market quarterly Bhandari (1988)

AMq Assets-to-Market quarterly Fama and French (1992)

Continued on next page




Table A1 — continued from previous page

Anomaly 1D Explanation Original Paper

LTR Long-term reversal De Bondt and Thaler (1985)

Epq Earnings-to-price quarterly Basu (1983)

Cpq Cash flow-to-price quarterly Lakonishok et al. (1994)

Emq Enterprise multiple quarterly Loughran and Wellman (2011)

Spq Sales-to-price quarterly Barbee Jr et al. (1996)

Ocpq Operating cash flow-to-price quarterly Desai et al. (2004)

Ebpq Enterprise book-to-price quarterly Penman et al. (2007)

Ndpq Net debt-to-price quarterly Penman et al. (2007)

Trading frictions
ME_June Market equity Banz (1981)

Ami Absolute return-to-volume Amihud (2002)
PS_Beta Pastor/Stambaugh liquidity beta Péastor and Stambaugh (2003)
Ivol FF3 Ivol relative to FF3 model Ang et al. (2006)

Ivol . AHT Ivol relative to market Ali et al. (2003)
Ivol_.CAPM Ivol relative to market Ang et al. (2006)
beta_lev Financial intermediary leverage beta Adrian et al. (2014)
STR Short-term reversal Jegadeesh (1990)
TR Tail risk Kelly and Jiang (2014)
Coskw Coskewness Harvey and Siddique (2000)

Mdr Maximum daily return Bali et al. (2011)

PPS Price per share Miller and Scholes (1982)

Tur Share turnover Datar et al. (1998)

Ccv Coef. of variation for share turnover Chordia et al. (2001)

Dtv Dollar trading volume Brennan et al. (1998)

TVol Total volatility Ang et al. (2006)

SVR Systematic volatility Ang et al. (2006)

Beta Fama/MacBeth Beta Fama and MacBeth (1973)

TS Total skewness Bali et al. (2016)

Iskew_CAPM Idiosyncratic skewness relative to market Hou et al. (2020)
Iskew_FF3 Idiosyncratic skewness relative to FF3 model Hou et al. (2020)
CVDtv Coef. of variation for dollar trading volume

Chordia et al. (2001)

Continued on next page
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Anomaly 1D Explanation Original Paper
Iskew_Q Idiosyncratic skewness relative to Q-factor model Hou et al. (2020)
Ivol Q Ivol relative to Q-factor model Hou et al. (2020)
Dimson Dimson Beta Dimson (1979)
Investment

I.A Investment-to-assets Cooper et al. (2008)
Aci Abnormal corporate investment Titman et al. (2004)
dPia Change in PPE and inventory to book assets Lyandres et al. (2008)
Noa Net operating assets Hirshleifer et al. (2004)
dNoa Change in net operating assets Hirshleifer et al. (2004)
dLno Change in long-term net operating assets Fairfield et al. (2003)

IG Investment growth Xing (2008)
1G2 2-year investment growth Anderson and Garcia-Feijéo (2006)
1G3 3-year investment growth Anderson and Garcia-Feijéo (2006)

dli Change in investments relative to industry Abarbanell and Bushee (1998)
Cei Composite equity issuance Daniel and Titman (2006)
Cdi Composite debt issuance Lyandres et al. (2008)
Ivg Inventory growth Belo and Lin (2012)

Ive Inventory changes Thomas and Zhang (2002)
OA Operating accruals Sloan (1996)

Ta Total accruals Richardson et al. (2005)
dWce Change in net noncash working capital Richardson et al. (2005)
dCoa Change in current operating assets Richardson et al. (2005)
dCol Change in current operating liabilities Richardson et al. (2005)
dNco Change in net noncurrent operating assets Richardson et al. (2005)
dNca Change in noncurrent operating assets Richardson et al. (2005)
dNecl Change in noncurrent operating liabilities Richardson et al. (2005)
dFin Change in net financial assets Richardson et al. (2005)
dSti Change in short-term investments Richardson et al. (2005)
dLti Change in long-term investments Richardson et al. (2005)
dFnl Change in financial liabilities Richardson et al. (2005)
dBe Change in common equity Richardson et al. (2005)

Continued on next page
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Anomaly 1D Explanation Original Paper
Dac Discretionary accruals Xie (2001)
POA Percent operating accruals Hafzalla et al. (2011)
Pta Percent total accruals Hafzalla et al. (2011)
Pda Percent discretionary accruals Hafzalla et al. (2011)
Profitability
RNA Return on net operating assets Soliman (2008)
PM Profit margin Soliman (2008)
ATO Assets turnover Soliman (2008)
Cto Capital turnover Haugen and Baker (1996)
Gpa Gross profits-to-assets Novy-Marx (2013)
Gla Gross profits-to-lagged assets Novy-Marx (2013)
Ope Op. profits-to-book equity Fama and French (2015)
Ole Op. profits-to-lagged book equity Fama and French (2015)
Opa Op. profits-to-book assets Ball et al. (2016)
Ola Op. profits-to-lagged book assets Ball et al. (2016)
CashOP Cash-based op. profits-to-book Ball et al. (2016)
CashOP1 Cash-based op. profits-to-lagged book assets Ball et al. (2016)
0] Ohlson’s (1980) O-score Dichev (1998)
AltmanZ Altmans (1968) Z-score Dichev (1998)
Thi Taxable income-to-book income Lev and Nissim (2004)
Bl Book leverage Fama and French (1992)
Intangibles
OCA Org. capital-to-book assets Eisfeldt and Papanikolaou (2013)
I0CA Ind.-adj. org. capital-to-book assets Eisfeldt and Papanikolaou (2013)
ADM Advertising expense-to-market Chan et al. (2001)
gAD Growth in advertising expense Lou (2014)
RDM R&D expense-to-market Chan et al. (2001)
RDS R&D expense-to-sales Chan et al. (2001)
OL Operating leverage Novy-Marx (2011)
HR Hiring rate Belo et al. (2014a)

Continued on next page
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Anomaly 1D Explanation Original Paper
RCA R&D capital-to-book assets Li (2011)
BCA Brand capital-to-book assets Belo et al. (2014b)
dsi Change in sales minus change in inventory Abarbanell and Bushee (1998)
dSa Change in sales minus change in accounts receivable Abarbanell and Bushee (1998)
dGs Change in gross margin minus change in sales Abarbanell and Bushee (1998)
dSs Change in sales minus change in SG&A Abarbanell and Bushee (1998)
Etr Effective tax rate Abarbanell and Bushee (1998)
Lfe Labor force efficiency Abarbanell and Bushee (1998)
Tan Tangibility of assets Hahn and Lee (2009)
Rer Real estate ratio Tuzel (2010)
Kzi KZ index of financing constraints Lamont et al. (2001)
Wwi Whited-Wu index of financing constraints Whited and Wu (2006)
Sdd Secured debt-to-total debt Valta (2016)
OBA Order backlog Rajgopal et al. (2003)
Eper Earnings persistence Francis et al. (2004)
Eprd Earnings predictability Francis et al. (2004)
Esm Earnings smoothness Francis et al. (2004)
Evr Value relevance of earnings Francis et al. (2004)
Etl Earnings timeliness Francis et al. (2004)
Ecs Earnings conservatism Francis et al. (2004)
Frm Pension funding rate to market equity Franzoni and Marin (2006)
Fra Pension funding rate to book assets Franzoni and Marin (2006)
Ala Liquidity of book assets Ortiz-Molina and Phillips (2014)
Alm Liquidity of market assets Ortiz-Molina and Phillips (2014)
Ral Year 1-lagged return, annual Heston and Sadka (2008)
Rnl Year 1-lagged return, nonannual Heston and Sadka (2008)
Ra2.5 Year 2-5 lagged return, annual Heston and Sadka (2008)
Rn2.5 Year 2-5 lagged return, nonannual Heston and Sadka (2008)
Ra6-10 Year 6-10 lagged return, annual Heston and Sadka (2008)
Rn6_10 Year 6-10 lagged return, nonannual Heston and Sadka (2008)




Table A2: OVIMS and conversion returns across anomalies

We show OVIMS, its t-value, bootstrapped 95%-confidence intervals, the effect size, non-normalized
OVIMS, unconditional and conditional conversion returns for all anomalies that we consider in our
analysis. We compute an anomaly’s OVIMS as the difference in long-short returns calculated on
high O/S stocks and calculated on low O/S stocks. We normalize this difference by the maximum
average long-short return across the O/S quintiles, that is a measure of the effect size. We use
20.000 bootstrap iterations in the calculation of the confidence intervals. We adopt the anomaly
categorization of Hou et al. (2020). We compute conversion returns at the first trading day of an
option pair. The stock returns are calculated accordingly over the one month to maturity of that
same option pair. The sample we consider consists only of optionable stocks. We exclude financial
firms and firms with negative book equity. The sample covers the period from March 1996 to
December 2018.

Anomaly Category ~ OVIMS T-value B.c.int Effect n.OVIMS 7% . 15, 715¢s
PPS Frictions 1.23 4.90 [0.78,1.90] 1.39 1.70 0.10 0.03 0.28
Rsix Momentum 1.09 4.46 [0.65,1.76] 1.52 1.65 0.02 -0.02 0.11
Ami Frictions 1.15 4.45 [0.71,1.86) 1.26 1.45 0.12 0.03 0.33
RNA Profitability 1.23 4.00 [0.81,1.79] 1.17 1.44 0.05 0.02 0.13

Ole Profitability 1.38 3.99 [0.88,1.93] 1.01 1.39 0.04 0.02 0.12
Dtv Frictions 1.24 3.86 [0.75,1.89] 1.01 1.25 0.09 0.02 0.29
Ivol_Q Frictions 0.91 3.83 [0.41,1.64] 1.31 1.19 0.11  0.01 0.29
Ivol. CAPM Frictions 0.92 3.82 [0.45,1.73] 1.35 1.24 0.11 0.00 0.28
Ivol FF3 Frictions 0.91 3.65 [0.43,1.72] 1.30 1.18 0.11 0.00 0.29
0] Profitability 1.07 3.46 [0.67,1.56] 1.16 1.25 0.07 0.02 0.16
Ope Profitability 1.06 3.43 [0.62,1.74] 1.17 1.24 0.06 0.03 0.12
Gla Profitability 1.03 3.22 [0.54,1.57] 1.06 1.09 0.04 0.03 0.08
Gpa Profitability 0.86 3.22 [0.45,1.21] 1.29 1.10 0.05 0.05 0.10
Ndpq Value 1.48 3.19 [0.70,1.94] 0.78 1.15 0.06 0.03 0.12

ME_June Frictions 1.05 3.16 [0.49,1.79] 0.98 1.03 0.12 0.02 0.33
TVol Frictions 0.89 3.02 [0.31,1.74] 1.16 1.03 0.10 0.01 0.26

Releven Momentum 1.01 2.98 [0.39,1.74] 1.11 1.12 0.04 0.00 0.14

CashOP Profitability 0.78 2.94 [0.34,1.07] 1.38 1.08 0.07 0.05 0.18

Ivol AHT Frictions 0.82 2.93 [0.32,1.75] 1.24 1.02 0.13 0.01 0.33
ATO Profitability 0.98 2.90 [0.39,1.66] 0.84 0.82 0.02 0.02 0.05
Ebpq Value 1.80 2.85 [0.48,1.94] 0.52 0.94 0.02 0.02 0.04

Rmom6 Momentum 0.99 2.77 [0.34,1.61] 0.83 0.82 0.01 -0.03 0.04
PM Profitability 1.06 2.76 [0.37,1.77] 0.92 0.98 0.06 0.03 0.15

Continued on next page
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Anomaly Category ~ OVIMS T-value B.c.int Effect n.OVIMS ¢ . 154, 7545
Beta_Market Frictions 0.99 2.65 [0.29,1.85] 0.90 0.89 0.04 0.00 0.13
Cto Profitability 0.95 2.64 [0.32,1.61] 0.83 0.79 0.02 0.02 0.01
SALEP Value 1.00 2.62 [0.32,1.75] 0.78 0.79 0.01 -0.02 0.02
OL Intangibles 1.06 2.53 [0.31,1.78] 0.73 0.77 -0.01 -0.01 -0.04
Mdr Frictions 0.76 2.52 [0.17,1.60] 1.01 0.77 0.10 0.03 0.22
dCol Investment 1.14 2.46 [0.23,1.68] 0.60 0.68 0.00 0.00 0.00
Rnl Intangibles 0.85 2.35 [0.15,1.58] 1.01 0.86 0.01 -0.01 0.08
CashOP] Profitability 0.71 2.31 [0.12,1.04] 1.17 0.83 0.07 0.04 0.17
Abr Momentum 1.24 2.19 [0.13,1.79] 0.51 0.64 0.02 0.01 0.06
OBA Intangibles 1.14 2.11 [0.10,1.81] 1.04 1.18 0.01 0.00 0.02
dFnl Investment 0.81 2.11 [0.09,1.34] 0.71 0.58 0.02 0.01 0.04
Ola Profitability 0.79 2.10 [0.04,1.40) 0.95 0.76 0.05 0.03 0.10
NPM Value 0.91 2.01 [0.03,1.66] 0.71 0.65 0.03 0.03 0.07
Cei Investment 0.69 2.00 [0.02,1.41] 0.85 0.59 0.04 0.02 0.08
RS Momentum 0.84 1.94 [0.01,1.56] 0.71 0.60 0.04 0.02 0.06
EM Value 0.93 1.92 [-0.05,1.66] 0.71 0.66 0.00 0.00 0.00
OA Investment 1.89 1.92 [-0.03,1.94]  0.29 0.55 0.01 -0.01 -0.03
RDS Intangibles 1.63 1.89 [-0.05,1.88]  0.50 0.82 0.03 0.00 0.08
OCFP Value 0.90 1.78 [-0.09,1.69] 0.65 0.59 -0.01 -0.02 0.00
Rmoml11 Momentum 0.65 1.78 [-0.09,1.21] 0.90 0.58 0.01 -0.01 0.05
Opa Profitability ~ 0.64 1.76 [-0.09,1.03] 1.01 0.64 0.06 0.03 0.13
dLti Investment 1.32 1.75 [-0.12,1.87] 0.59 0.79 0.01 0.00 0.02
SUE Momentum 1.35 1.73 [-0.16,1.86] 0.36 0.49 0.03 0.01 0.08
Noa Investment 0.75 1.72 [-0.10,1.37]  0.66 0.50 0.01 0.01 0.03
dNco Investment 0.47 1.71 [-0.06,1.06]  1.02 0.48 0.02 0.01 0.06
LA Investment 0.61 1.65 [-0.12,1.05] 0.84 0.51 0.01 -0.01 0.03
Ive Investment 0.97 1.62 [-0.20,1.60] 0.48 0.46 0.01 0.00 0.06
Etl Intangibles 1.36 1.54 [-0.36,1.87]  0.33 0.45 0.00 0.03 -0.02
CVDtv Frictions 0.97 1.53 [-0.26,1.67] 0.46 0.44 0.10 0.02 0.24
EP Value 0.68 1.50 [-0.29,1.60] 0.74 0.50 -0.01 -0.01 -0.02
Eprd Intangibles 0.46 1.47 [-0.19,0.87]  1.05 0.49 0.02 0.01 0.02
TS Frictions 1.03 1.47 [-0.28,1.81] 0.38 0.39 0.02 0.02 0.01

Continued on next page
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Anomaly Category ~ OVIMS T-value B.c.int Effect n.OVIMS ¢ . 154, 7545
Sm Momentum 1.41 1.45 [-0.37,1.84]  0.50 0.70 0.00 0.01 -0.01
BCA Intangibles 0.78 1.40 [-0.24,1.51] 0.86 0.67 0.00 0.06 -0.05
Wwi Intangibles 0.99 1.33 [-0.47,1.76] 0.44 0.43 0.06 -0.01 0.19
dGs Intangibles 1.03 1.33 [-0.41,1.72]  0.38 0.39 0.02 0.02 0.04
TAM Value 1.01 1.30 [-0.43,1.62] 0.39 0.39 -0.01 -0.04 0.01
Ivg Investment 0.67 1.25 [-0.33,1.24]  0.52 0.35 0.02 0.02 0.06
dNca Investment 0.40 1.20 [-0.25,1.07] 0.86 0.34 0.01 0.00 0.04
TR Frictions 1.03 1.19 [-0.55,1.78]  0.38 0.39 -0.02  -0.02 -0.06
SR Value 0.96 1.08 [-0.57,1.62] 0.30 0.29 0.01 0.00 0.03
Cv Frictions 0.91 1.06 [-0.73,1.73]  0.35 0.32 0.09 0.02 0.22
Cp Value 0.67 1.05 [-0.70,1.54]  0.55 0.37 -0.02  -0.02 -0.04
Thbi Profitability 0.79 1.02 [-0.57,1.62] 0.36 0.29 0.00 0.00 0.00
ADM Intangibles 0.69 1.00 [-0.56,1.51] 0.72 0.50 -0.03 0.01 -0.07
Iskew_Q Frictions 1.42 1.00 [-0.88,1.86] 0.19 0.27 0.02 0.00 0.02
Ral Intangibles 0.53 0.95 [-0.57,1.28]  0.54 0.29 -0.02 -0.01 -0.04
STR Frictions 0.90 0.91 [-0.62,1.63] 0.32 0.29 -0.01 -0.02 0.02
BMa Value 0.50 0.85 [-0.71,1.37]  0.54 0.27 0.00 -0.04 0.00
HR Intangibles 0.28 0.85 [-0.44,1.07]  0.90 0.25 0.01 -0.02 0.05
Ra6-10 Intangibles 0.40 0.75 [-0.62,1.11] 0.58 0.23 0.01 0.02 0.01
Ala Intangibles 0.62 0.73 [-0.82,1.36] 0.35 0.22 0.03 -0.02 0.06
TPM Value 0.45 0.71 [-0.89,1.33]  0.51 0.23 0.00 0.01 0.00
1G Investment 0.42 0.70 [-0.75,1.34] 0.51 0.21 0.00 -0.02 0.02
Lfe Intangibles 0.54 0.70 [-0.73,1.31] 0.38 0.21 0.01 0.02 0.00
OCA Intangibles 0.28 0.66 [-0.59,0.86]  0.75 0.21 0.04 0.02 0.07
dCoa Investment 0.35 0.66 [-0.74,1.32]  0.55 0.19 0.00 0.00 0.02
Evr Intangibles 1.22 0.65 [-1.07,1.72] 0.15 0.18 0.00 -0.02 0.00
EBP Value 0.52 0.57 [-0.85,1.39] 0.34 0.18 -0.02 -0.03 -0.03
Kzi Intangibles 0.52 0.57 [-0.98,1.53] 0.34 0.18 0.02 0.01 0.07
dNoa Investment 0.17 0.56 [-0.45,0.86] 0.89 0.15 0.01 0.00 0.05
Ta Investment 0.50 0.53 [-1.01,1.62] 0.33 0.17 0.01 0.01 0.01
dFin Investment 0.22 0.52 [-0.76,1.09]  0.72 0.16 0.02 0.02 0.06
Ecs Intangibles 0.40 0.45 [-1.15,1.49] 0.40 0.16 -0.01 -0.04 0.00

Continued on next page
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Table A2 — continued from previous page

Anomaly Category ~ OVIMS T-value B.c.int Effect n.OVIMS ¢ . 154, 7545
Iskew_CAPM Frictions 0.35 0.45 [-1.04,1.39] 0.31 0.11 0.02 0.01 0.01
dPia Investment 0.15 0.40 [-0.66,0.92] 0.77 0.12 0.02 0.01 0.05
Altman_Z Profitability 0.41 0.39 [-1.02,1.49] 0.31 0.13 0.02 0.04 0.00
dSs Intangibles 0.21 0.36 [-0.91,1.39]  0.57 0.12 0.00 0.01 0.00

Bl Profitability 0.31 0.30 [-1.14,1.20] 0.30 0.09 0.00 0.00 0.03
RDM Intangibles 0.13 0.20 [-0.82,1.18]  0.67 0.09 -0.01 0.01 0.01
dNcl Investment 0.12 0.20 [-1.09,1.24] 0.46 0.05 0.00 0.00 -0.01
Pda Investment 0.16 0.17 [-1.14,1.17]  0.29 0.05 0.01 0.00 0.04
dLno Investment 0.06 0.17 [-0.65,0.73] 0.84 0.05 0.00 0.00 0.02
IOCA Intangibles 0.07 0.16 [-0.89,0.84]  0.64 0.05 0.03 0.01 0.06
SG Value 0.09 0.16 [-1.02,1.12]  0.52 0.05 0.01  0.00 0.03

Fra Intangibles 0.07 0.13 [-0.97,1.03] 0.60 0.04 0.00 0.01 -0.03
Log_Growth_BD  Investment 0.13 0.13 [-1.28,1.12] 0.36 0.05 0.02 0.02 0.03
TDM Value 0.08 0.11 [-1.11,0.89]  0.45 0.03 0.00 -0.03 0.02
Esm Intangibles 0.22 0.07 [-1.563,1.53]  0.11 0.02 0.00 0.00 0.00
SVR Frictions 0.05 0.06 [-1.20,0.89] 0.41 0.02 0.01 0.00 0.04
dBe Investment 0.03 0.05 [-0.92,0.77]  0.60 0.02 0.00 -0.01 -0.01
gAD Intangibles -0.03 -0.02 [-1.49,1.48] 0.40 -0.01 0.02 -0.04 0.03
I1G2 Investment -0.04 -0.06 [-1.23,1.00] 0.49 -0.02 0.00 -0.02 0.01

dli Investment -0.03 -0.06 [-1.03,0.83] 0.61 -0.02 0.00 -0.02 0.04
Rn6_10 Intangibles -0.04 -0.07 [-0.94,0.87]  0.67 -0.02 0.00 0.00 0.01
dWc Investment -0.06 -0.07 [-1.40,1.39]  0.35 -0.02 0.00 0.00 0.06
Beta_Dimson Frictions -0.22 -0.08 [-1.43,1.33] 0.12 -0.03 -0.02 -0.01 -0.03
Alm Intangibles -0.05 -0.09 [-1.43,1.02]  0.51 -0.03 0.02 -0.01 0.05
Tadj_Rer Intangibles -0.07 -0.10 [-1.47,1.20] 0.51 -0.04 0.03 0.02 0.07
RCA Intangibles -0.11 -0.12 [-1.18,1.01] 0.50 -0.05 0.00 0.02 -0.03
Epq Value -0.11 -0.17 [-1.44,0.81] 0.52 -0.06 0.00 0.00 -0.03
Sdd Intangibles -0.11 -0.17 [-1.32,1.13]  0.61 -0.07 -0.03 -0.01 -0.05
TES Momentum -0.65 -0.17 [-1.64,1.44] 0.08 -0.05 0.02 0.00 0.02
beta.BD.lev Frictions -0.17 -0.32 [-1.37,0.79] 0.66 -0.11 0.00 0.02 -0.03
BMJ Value -0.23 -0.33 [-1.58,0.83]  0.46 -0.11 -0.01 -0.03 -0.02
Iskew_FF3 Frictions -0.64 -0.36 [-1.66,1.18] 0.14 -0.09 -0.02 -0.02 -0.01
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Table A2 — continued from previous page

Anomaly Category ~ OVIMS T-value B.c.int Effect n.OVIMS ¢ . 154, 7545
PS_Beta Frictions -0.58 -0.49 [-1.61,1.14] 0.29 -0.17 0.00 -0.02 0.01
Emq Value -0.36 -0.50 [-1.59,0.68] 0.50 -0.18 0.01 0.02 -0.01
dSti Investment -0.43 -0.54 [-1.63,0.96]  0.60 -0.26 0.01 0.03 0.01
Frm Intangibles -0.42 -0.56 [-1.35,0.78]  0.46 -0.20 -0.02 -0.01 -0.07
Dac Investment -0.68 -0.57 [-1.74,1.02] 0.25 -0.17 0.00 0.00 0.04
Rn2_5 Intangibles -0.38 -0.57 [-1.62,0.64]  0.52 -0.20 -0.01 -0.02 0.00
Tur Frictions -0.30 -0.61 [-1.46,0.52] 0.65 -0.20 0.06 -0.01 0.14
Tan Intangibles -0.96 -0.66 [-1.71,0.92]  0.21 -0.20 0.02 -0.02 0.07
Spq Value -0.35 -0.67 [-1.65,0.50] 0.65 -0.22 0.00 -0.01 0.00
Pta Investment -0.77 -0.70 [-1.76,0.92]  0.28 -0.21 -0.01 -0.02 0.01
Ra2_5 Intangibles -0.64 -0.75 [-1.61,0.78]  0.37 -0.24 0.00 0.02 0.00
Etr Intangibles -0.66 -0.81 [-1.59,0.72] 0.37 -0.24 0.00 -0.01 -0.01
Cpq Value -0.54 -0.86 [-1.65,0.50] 0.50 -0.27 -0.01 -0.01 -0.04
Dmq Value -0.73 -0.88 [-1.64,0.53]  0.41 -0.30 -0.02 -0.03 -0.02
dSa Intangibles -1.10 -0.90 [-1.75,1.00]  0.24 -0.26 0.01 0.00 0.02
POA Investment -0.73 -1.01 [-1.63,0.55] 0.40 -0.29 0.02 0.00 0.06
IG3 Investment -0.78 -1.13 [-1.73,0.50]  0.45 -0.35 0.01 -0.01 0.00
Eper Intangibles -1.18 -1.20 [-1.76,0.57] 0.33 -0.39 0.00 -0.02 0.00
LTR Value -0.96 -1.28 [-1.81,0.37] 0.47 -0.45 -0.04 -0.04 -0.07
dSi Intangibles -1.98 -1.39 [-1.92,0.58] 0.23 -0.45 0.00 0.00 0.01
Coskw Frictions -1.39 -1.40 [-1.86,0.46] 0.29 -0.40 -0.01 -0.01 0.01
Ocpq Value -1.01 -1.45 [-1.83,0.26]  0.56 -0.56 -0.04 -0.02 -0.09
Amgq Value -1.09 -1.62 [-1.75,0.18] 0.46 -0.51 0.00 -0.01 -0.01
AvgCE Investment -1.73 -1.85 [-1.94,0.07] 0.34 -0.59 -0.01 -0.02 -0.04
NDP Value -1.31 -2.11  [-1.84,-0.07]  0.57 -0.74 -0.05 -0.04 -0.10

12



€l

Table A3: Regressions of conversion returns on LSOI for mispricing anomalies

We regress a mispricing anomaly’s long-short conversion return on its long-short option order imbalance. Specifically, we estimate the
following model: rgt = g + Ba;LSOI, jt + €4, Where rg’:t is the conversion long-short return of mispricing anomaly a in the top O/S
quintile in month ¢, and LSOI, ;; is the long-short option order imbalance measure of trader type j, calculated over the same portfolios
as Tgt, in month ¢. For each mispricing anomaly, we estimate time series regressions for each trader type. Cust, ProC, BD, Prop and MM
denote the regressions of trader type customer, professional customer, broker-dealer, proprietary trader and market maker. We compute
conversion returns at the first trading day of an option pair. The sample we consider consists only of optionable stocks. We exclude

financial firms and firms with negative book equity. T-statistics are calculated using Newey and West (1987) standard errors. The sample

covers the period from May 2005 to December 2018. The time series pertaining to professional customers starts from October 2009.

Anomaly Category OVIMS B.c.int Boust t Bproc t BBD t BProp t Bavm t
PPS Frictions 1.23 [0.78,1.90] 0.00 0.01 0.29 1.05 -0.34  -1.18 -0.06 -0.42 0.01 0.20
Rsix Momentum 1.09 [0.65,1.76] 0.02 0.38 0.38 1.33 -0.06  -0.22 0.30 2.92 -0.08  -1.50
Ami Frictions 1.15 [0.71,1.86] -0.05 -0.62 0.21 0.51 -0.01  -0.03 -0.32 -1.80 0.11 1.29
RNA Profitability 1.23 [0.81,1.79] -0.01 -0.26 0.09 1.18 0.01 0.03 -0.06 -0.42 0.01 0.25
Ole Profitability 1.38 [0.88,1.93] 0.00 -0.05 -0.10 -0.43 0.26 1.14 0.06 0.54 -0.02  -0.59
Dtv Frictions 1.24 [0.75,1.89] -0.08 -1.20 0.26 0.51 -0.44  -1.56 -0.05 -0.35 0.13 1.68
Ivol Q Frictions 0.91 [0.41,1.64] -0.07 -0.80 -0.20 -0.53 0.41 1.17 0.27 1.43 -0.01 -0.10

Ivol_ CAPM Frictions 0.92 [0.45,1.73] -0.03 -0.32 -0.34 -0.89 0.14 0.41 0.29 1.69 -0.02  -0.21
Ivol FF3 Frictions 0.91 [0.43,1.72] -0.07 -0.73 -0.26 -0.68 0.33 0.82 0.39 2.06 -0.03  -0.30
0] Profitability 1.07 [0.67,1.56] -0.05 -1.06 0.20 0.74 0.19 0.74 0.16 1.55 0.01 0.16
Ope Profitability 1.06 [0.62,1.74] 0.00 0.02 -0.03 -0.11 0.27 1.40 0.15 1.65 -0.05  -1.21
Gla Profitability 1.03 [0.54,1.57] 0.12 1.89 0.04 0.26 0.17 0.70 -0.01 -0.13  -0.13  -1.88
Gpa Profitability 0.86 [0.45,1.21] 0.09 1.61 0.11 0.37 0.31 0.92 -0.01 -0.08 -0.11 -1.64
Ndpq Value 1.48 [0.70,1.94] 0.03 0.66 -0.13 -0.73  -0.27  -1.02 0.12 0.96 -0.04  -0.90

ME_June Frictions 1.05 [0.49,1.79] -0.02 -0.31 0.13 0.45 -0.20  -0.66 -0.46 -1.92 0.12 1.33
TVol Frictions 0.89 [0.31,1.74] -0.03 -0.43 -0.26 -0.79 0.32 1.20 0.11 0.82 0.00 0.02

Continued on next page
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Table A3 — continued from previous page

Anomaly Category OVIMS B.c.int Bcust t Bproc t BBD t BProp t By m t
Releven Momentum 1.01 [0.39,1.74] -0.03  -0.63 -0.15 -0.46 0.40 1.39 0.50 3.56 -0.06  -1.35
CashOP Profitability 0.78 [0.34,1.07] -0.04 -0.79 -0.52 -1.80 0.35 1.29 0.14 1.23 0.01 0.26
Ivol AHT Frictions 0.82 [0.32,1.75] -0.07 -0.73 -0.19 -0.53 0.24 0.66 0.35 1.67 0.01 0.09
ATO Profitability 0.98 [0.39,1.66] 0.14 2.07 0.19 0.82 0.14 0.66 -0.09 -0.90 -0.13 -2.07
Ebpq Value 1.80 [0.48,1.94] -0.05 -0.71 0.22 0.58 0.10 0.43 -0.13 -0.98 0.06 1.07
Rmom6 Momentum 0.99 [0.34,1.61] 0.02 0.44 -0.28 -1.43 0.12 1.19 0.14 1.49 -0.04 -0.68
PM Profitability 1.06 [0.37,1.77] -0.05 -0.98 -0.40 -1.62 0.15 0.65 0.21 2.32 0.01 0.36
Beta_Market Frictions 0.99 [0.29,1.85] -0.02  -0.52 0.61 3.81 -0.06  -0.22 0.05 0.40 0.00 -0.09
Cto Profitability 0.95 [0.32,1.61] 0.09 1.41 0.45 2.14 -0.28 -1.29 0.25 1.38 -0.15 -1.76
SALEP Value 1.00 [0.32,1.75] 0.00 -0.06 0.28 1.46 0.15 0.63 0.22 1.96 -0.07 -1.60
OL Intangibles 1.06 [0.31,1.78] 0.10 2.04 0.14 0.78 -0.18 -1.11 -0.02 -0.17 -0.10 -1.67
Mdr Frictions 0.76 [0.17,1.60] -0.06 -0.94 -0.43 -1.23 0.19 0.90 0.21 1.92 0.03 0.48
dCol Investment 1.14 [0.23,1.68] 0.05 1.22 -0.04 -0.19 0.00 -0.02 -0.06 -0.67 -0.04 -0.92
Rnl Intangibles 0.85 [0.15,1.58] 0.02 0.35 0.34 1.42 0.02 0.09 0.33 2.63 -0.09 -1.75
CashOPI Profitability 0.71 [0.12,1.04] -0.01 -0.11 -0.43 -1.65 0.19 0.67 0.10 0.75 -0.01 -0.13
Abr Momentum 1.24 [0.13,1.79] 0.01 0.37 -0.18 -0.80 0.51 2.07 0.03 0.40 -0.04 -0.74
OBA Intangibles 1.14 [0.10,1.81] 0.00 0.11 0.10 0.72 -0.20 -1.59 -0.06 -0.68 0.03 0.96
dFnl Investment 0.81 [0.09,1.34] 0.01 0.21 0.34 2.38 -0.19 -1.09 -0.02 -0.22 -0.01 -0.39
Ola Profitability 0.79 [0.04,1.40] -0.01 -0.11 -0.01 -0.03 0.36 1.19 0.04 0.31 -0.02 -0.32
NPM Value 0.91 [0.03,1.66] -0.09 -1.87 0.38 1.81 0.12 0.47 0.20 1.84 0.04 1.06
Cei Investment 0.69 [0.02,1.41] 0.00 0.08 0.45 2.82 0.00 0.00 0.12 1.33 -0.05 -1.21
RS Momentum 0.84 [0.01,1.56] -0.02 -0.67 0.54 2.30 0.17 1.01 0.06 0.83 -0.03 -0.80




a1

Table A4: Regressions of conversion returns on frictions for mispricing anomalies

For each mispricing anomaly we estimate the following model: rﬁt = g+ BasfSFi—1 4 BapasBASi—1 + BapaoBAO—1 + Baicr ICR;_1 +
BatedT EDy_1 + Tgt_l + €q,t, Where 'rgt is the conversion long-short return of mispricing anomaly a in the top O/S quintile in month
t, SF;_1 is the cross-sectional average shorting fee, BAS; 1 is the cross-sectional average stock bid-ask spread, BAQO;_1 is the volume-
weighted cross-sectional average call option bid-ask spread, IC'R;_1 is the intermediary capital ratio, T ED;_q is the TED spread and
Tgtq is the conversion long-short return of mispricing anomaly a, all measured at the end of month ¢ — 1. We compute equally weighted
conversion returns at the first trading day of an option pair. T-statistic are calculated using Newey and West (1987) standard errors.
Estimates are displayed in percent. The sample we consider consists only of optionable stocks. We exclude financial firms and firms with
negative book equity. The sample covers the period from August 2006 to December 2018.

Anomaly Category OVIMS B.c.int Bsr t BBAsS t BrED t Brcr t BBAao t Brag t R?
PPS Frictions 1.23 [0.78,1.9] 0.14  5.80 0.06 1.75 -0.06 -1.50 0.01 0.28 -0.01 -0.54 11.35 1.68 30.18
Rsix Momentum 1.09 [0.65,1.76] 0.06  3.78 0.03 0.69 -0.04 -1.19 -0.01 -0.54 0.02 1.19 25.61 3.05 14.93
Ami Frictions 1.15 [0.71,1.86] 0.15 558 0.09 259 -0.03 -1.02 -0.01 -0.36 -0.02 -0.89 11.06 1.50 36.56
RNA Profitability 1.23 [0.81,1.79] 0.05 2.63 0.05 147 -0.05 -1.55 0.06 2.14 -0.04 -1.22 21.00 2.58 15.65
Ole Profitability 1.38 [0.88,1.93] 0.05 2.65 0.06 1.89 -0.07 -2.05 006 280 -0.03 -1.48 2499 2.60 20.04
Dtv Frictions 1.24 [0.75,1.89] 0.13 5.17  0.06 1.75  -0.02 -0.54 -0.03 -1.08 -0.01 -0.45 8.01 0.81 34.40

Ivol_Q Frictions 0.91 [0.41,1.64] 0.16 8.04 0.07 191 -0.03 -0.67 0.00 -0.16 0.01 0.39 297 0.37 32.20
Ivol_.CAPM Frictions 0.92 [0.45,1.73] 0.15 8.16 0.07 145 -0.01 -0.19 0.00 -0.07 0.00 -0.12 4.02 0.57 30.89
Ivol FF3 Frictions 0.91 [0.43,1.72) 0.15 6.94 0.10 277 -0.04 -1.02 0.00 0.10 0.00 -0.12 3.12 0.37 31.15
(@) Profitability 1.07 [0.67,1.56] 0.06 2.71 0.08 248 -0.0r -270 003 119 -0.03 -0.95 6.08 0.68 13.65

Ope Profitability 1.06 [0.62,1.74] 0.04 2.16 0.03 0.87 -0.03 -1.84 0.03 142  -0.02 -1.41 15.05 1.76 7.00
Gla Profitability 1.03 [0.54,1.57] 0.05 2.24 0.05 1.55 -0.11 -3.15 007 294 -0.05 ~-1.71 20.50 228 33.59
Gpa Profitability 0.86 [0.45,1.21] 0.05 1.98 0.05 114 -0.09 -3.17 0.05 1.71  -0.04 -1.05 1946 2.15 22.89
Ndpq Value 1.48 [0.7,1.94] -0.03 -0.71 0.12 235 -0.11 -1.67 0.05 1.49  -0.08 -1.68 10.05 0.99 14.86

ME_June Frictions 1.05 [0.49,1.79] 0.16 5.89 0.08 237 -0.01 -0.60 -0.01 -0.38 -0.01 -0.33 10.78 1.23 39.80
TVol Frictions 0.89 [0.31,1.74] 0.13 547 0.05 145 -0.06 -1.71 0.00 0.01 0.01 0.22 1.09 0.13 18.97
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Table A4 — continued from previous page

Anomaly Category  OVIMS  B.c.int BsF t BBAs t BrED t Brer t BBAoO t BLag t R?
Releven Momentum 1.01 [0.39,1.74] 0.10 4.07 0.02 0.77 -0.01 -041 -0.03 -0.86 0.04 1.56 16.39 1.63 23.80
CashOP Profitability 0.78 [0.34,1.07] 0.08  4.32 0.04 1.40 -0.04 -1.67 0.00 0.11 -0.01 -0.64 6.76 0.79 14.50
Ivol_ AHT Frictions 0.82 [0.32,1.75] 0.17 6.87  0.07 1.80 -0.05 -1.60 -0.01 -0.48 0.00 0.00 14.16 1.63 39.57
ATO Profitability 0.98 [0.39,1.66] 0.04 2.29 0.03 0.77 -0.07 -1.99 0.05 231 -0.04 -1.15 1197 1.19 19.86
Ebpq Value 1.80 [0.48,1.94] 0.06 2.46 0.10 275 -0.09 -3.01 0.03 1.10 -0.02 -0.86 30.35 3.44 26.44
Rmom6 Momentum 0.99 [0.34,1.61] 0.03 1.95 0.00 -0.24 0.01 0.66 -0.02 -0.93 0.01 0.51 26.65 5.39 13.32
PM Profitability 1.06 [0.37,1.77) 0.06 247 0.06 1.63 -0.04 -1.60 003 123 -0.02 -0.98 1550 1.78 13.73
Beta_Market Frictions 0.99 [0.29,1.85] 0.08 5.37  0.04 193 -0.02 -1.17 0.01 0.68 0.00 -0.30 2741 4.85 27.23
Cto Profitability 0.95 [0.32,1.61] 0.03 1.26 0.03 1.09 -0.12 -3.50 0.06 289 -0.04 -1.60 16.32 1.83 45.05
SALEP Value 1.00 [0.32,1.75] 0.02 0.94 -0.02 -041 -0.03 -0.91 -0.02 -0.75 0.00 0.03 239 025 1.08
OL Intangibles 1.06 [0.31,1.78] 0.02 0.82 0.01 0.55 -0.09 -3.53 0.02 08 -0.01 -0.27 1873 1.68 35.62
Mdr Frictions 0.76 [0.17,1.6] 0.13 8.86 0.05 1.07 -0.04 -1.07 0.00 0.05 0.01 0.62 5.05 0.57 26.33
dCol Investment 1.14 [0.23,1.68] 0.00 0.10 -0.03 -1.46 0.06 261 -0.03 -1.80 0.03 2.18 7.63 091 12.29
Rnl Intangibles 0.85 [0.15,1.58] 0.04 2.24 0.02 0.73 -0.02 -0.68 -0.02 -0.98 0.05 235 2824 242 16.77
CashOPI Profitability 0.71 [0.12,1.04] 0.07 4.26 0.04 1.31  -0.056 -2.05 0.01 0.46 -0.01 -0.75 6.48 0.75 13.01
Abr Momentum 1.24 [0.13,1.79]  0.03 1.35 0.03 1.02 -0.06 -1.81 0.02 0.81 0.02 1.20 20.19 266 7.21
OBA Intangibles 1.14 [0.1,1.81] 0.00 0.11 -0.05 -1.15 -0.02 -0.65 -0.06 -1.05 0.04 091 13.67 1.30 1.89
dFnl Investment 0.81 [0.09,1.34] 0.04 2.10 0.00 -0.14 0.04 1.38 -0.02 -0.65 0.01 0.38 34.18 3.92 24.82
Ola Profitability 0.79 [0.04,1.4] 0.06 3.01 0.05 1.29 -0.08 -2.62 0.03 1.11  -0.02 -0.70 9.53 0.86 16.29
NPM Value 0.91 [0.03,1.66] 0.09 5.92 0.00 0.04 -0.03 -1.35 0.00 -0.08 0.03 1.73 1141 1.36 21.85
Cei Investment 0.69 [0.02,1.41] 0.03 1.93 0.02 0.83 -0.04 -1.91 0.01 0.37 -0.02 -0.92 2735 4.07 12.59
RS Momentum 0.84 [0.01,1.56] 0.01 0.57 0.01 0.76 -0.03 -1.28 0.01 0.83 0.04 214 2780 3.23 12.20




Table A5: OTM-OVIMS across anomalies

To investigate whether our results are robust when considering only out-of-the-money option vol-
ume, we calculate a stock’s O/S as the out-of-the-money option-to-stock volume. We calculate
OV IMS for each anomaly that we consider in our analysis. We compute an anomaly’s OVIMS as
the difference in long-short returns calculated on high O/S stocks and calculated on low O/S stocks.
We normalize this difference by the maximum average long-short return across the O/S quintiles,
that is a measure of the effect size. We report standard errors, t-values and bootstrapped confidence
intervals of the mean. Specifically, we report 95% confidence intervals and use 20.000 iterations for
the bootstrap. We adopt the anomaly categorization of Hou et al. (2020). All characteristics are
signed so that a quintile portfolio sort results in a positive long-short return on our sample. We
compute monthly stock returns from option maturity to option maturity. The sample we consider
consists only of optionable stocks. We exclude financial firms and firms with negative book equity.
The sample covers the period from March 1996 to December 2018.

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
PPS Frictions 1.12 0.27 4.09 [0.65,1.86]
Ivol FF3 Frictions 0.92 0.23 4.05 [0.53,1.65]
Rsix Momentum 1.18 0.30 3.96 [0.57,1.84]
0 Profitability 1.10 0.29 3.77 0.71,1.57]
Ivol Q Frictions 0.90 0.25 3.66 [0.42,1.62]
Ivol_.CAPM Frictions 0.88 0.24 3.64 [0.47,1.65]
Ole Profitability 1.17 0.32 3.64 0.71,1.85]
dNco Investment 1.28 0.37 3.48 [0.62,1.85]
RNA Profitability 1.15 0.33 3.47 [0.67,1.74]
Gpa Profitability 0.99 0.29 3.43 [0.53,1.41]
Ebpq Value 1.47 0.44 3.31 [0.71,1.94]
Noa Investment 1.18 0.37 3.20 [0.54,1.83]
CashOP Profitability 0.81 0.26 3.19 [0.37,1.09]
OL Intangibles 1.30 0.43 2.99 [0.49,1.90]
OBA Intangibles 1.15 0.39 2.97 [0.57,1.77)
ATO Profitability 1.07 0.37 2.88 [0.39,1.77]
LA Investment 1.18 0.42 2.84 [0.48,1.83]
dNca Investment 1.31 0.46 2.82 [0.37,1.82]
BCA Intangibles 1.63 0.59 2.78 [0.48,1.94]
TVol Frictions 0.91 0.33 2.78 [0.28,1.72]
Abr Momentum 1.00 0.36 2.75 [0.43,1.63]
Ope Profitability 1.01 0.37 2.75 [0.39,1.72]
Ami Frictions 1.04 0.38 2.74 [0.33,1.84]

Continued on next page
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Table A5 — continued from previous page

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
dCol Investment 1.77 0.67 2.65 [0.47,1.95]
RDS Intangibles 1.67 0.65 2.56 [0.35,1.93]

RS Momentum 0.93 0.36 2.55 [0.30,1.49]
Beta_Market Frictions 0.97 0.38 2.52 [0.25,1.84]

CashOPI Profitability 0.77 0.31 2.52 [0.22,1.12]

ME_June Frictions 1.13 0.45 2.52 [0.30,1.89]
NPM Value 1.00 0.40 2.49 0.29,1.75]
OA Investment 1.81 0.74 2.47 [0.4,1.96]

Rmom6 Momentum 1.19 0.48 2.45 [0.27,1.84]
Gla Profitability 0.98 0.40 2.44 [0.25,1.60]

Cei Investment 0.89 0.37 2.43 [0.17,1.59]
Rnl Intangibles 0.87 0.37 2.39 [0.22,1.76]
SALEP Value 1.00 0.43 2.36 [0.19,1.75)
Cto Profitability 1.03 0.45 2.31 [0.22,1.81]
dPia Investment 1.26 0.55 2.28 [0.17,1.83)
PM Profitability 1.01 0.45 2.25 [0.20,1.77)
SVR Frictions 1.05 0.47 2.24 0.19,1.68]
dNoa Investment 1.13 0.51 2.22 [0.09,1.72]

Ivol_ AHT Frictions 0.76 0.34 2.21 [0.10,1.69]

Releven Momentum 0.95 0.44 2.19 [0.14,1.79]
dLti Investment 1.15 0.53 2.16 [0.11,1.90]
Dtv Frictions 1.08 0.51 2.12 [0.11,1.85)

Ive Investment 1.40 0.70 2.01 [0.04,1.90]
OCA Intangibles 0.62 0.31 2.00 [0.00,1.34]
Opa Profitability 0.78 0.39 2.00 [0.01,1.21]

Ivg Investment 1.14 0.58 1.96 [0.01,1.80]
dFnl Investment 0.77 0.39 1.95 [0.00,1.63]
EM Value 1.17 0.60 1.93 [-0.02,1.84]

EP Value 1.21 0.63 1.92 0.06,1.87]
Eprd Intangibles 0.55 0.29 1.90 [-0.01,0.98]
STR Frictions 1.63 0.87 1.87 [-0.04,1.87]
Mdr Frictions 0.51 0.29 1.74 [-0.07,1.25]

Continued on next page
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Table A5 — continued from previous page

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
SUE Momentum 1.15 0.66 1.74 [-0.13,1.86]
Ndpq Value 1.93 1.13 1.72 [-0.16,1.87]
dFin Investment 0.98 0.58 1.69 [-0.15,1.74]
dCoa Investment 1.24 0.75 1.64 [-0.22,1.87]
Wwi Intangibles 1.13 0.70 1.61 [-0.23,1.80]

Rmom11 Momentum 0.68 0.43 1.56 [-0.22,1.27]

Etl Intangibles 1.30 0.84 1.55 :0.30,1.83]
Ola Profitability 0.68 0.44 1.55 [-0.19,1.26]
TS Frictions 0.78 0.53 1.47 [-0.23,1.67]
TPM Value 0.84 0.58 1.45 [-0.44,1.55]
SR Value 0.77 0.55 1.40 :0.30,1.32]
Sm Momentum 1.04 0.80 1.31 [-0.59,1.81]
dLno Investment 0.64 0.49 1.30 [-0.29,1.31]
CVDtv Frictions 1.22 0.96 1.28 [-0.53,1.83]
Tadj_Rer Intangibles 1.02 0.81 1.26 [-0.55,1.74]
Ra6_10 Intangibles 0.72 0.57 1.25 [-0.48,1.48]
Sdd Intangibles 1.01 0.81 1.24 [-0.44,1.78]
Ta Investment 1.94 1.56 1.24 [-0.66,1.89]
TR Frictions 1.37 1.14 1.21 [-0.56,1.82]
gAD Intangibles 1.48 1.22 1.21 [-0.66,1.85]
dBe Investment 0.60 0.50 1.20 [-0.50,1.22]
HR Intangibles 0.65 0.58 1.12 [-0.51,1.59]
dSs Intangibles 0.79 0.71 1.11 [-0.62,1.73]
I0CA Intangibles 0.50 0.46 1.10 [-0.40,1.29]
OCFP Value 0.49 0.45 1.09 [-0.48,1.46]
dNcl Investment 0.53 0.49 1.07 [-0.47,1.52]
ADM Intangibles 1.09 1.03 1.06 [-0.75,1.80]
Ala Intangibles 0.82 0.80 1.02 [-0.80,1.62]
CP Value 0.79 0.77 1.02 [-0.80,1.63]
1G Investment 0.64 0.67 0.95 [-0.60,1.61]
Thi Profitability 0.76 0.91 0.84 [-0.71,1.65]
Tur Frictions 0.49 0.59 0.83 [-0.75,1.34]

Continued on next page
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Table A5 — continued from previous page

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
BMa Value 0.43 0.53 0.82 [-0.77,1.37]
SG Value 0.43 0.52 0.82 [:0.54,1.31]
Kzi Intangibles 0.90 1.14 0.80 1.02,1.65]
Iskew_Q Frictions 0.80 1.02 0.79 [-0.79,1.70]
Ral Intangibles 0.44 0.56 0.79 [-0.73,1.20]
Ecs Intangibles 0.83 1.08 0.77 [-0.98,1.56]
Evr Intangibles 0.59 0.87 0.68 0.99,1.65]
Ra2._5 Intangibles 0.96 1.67 0.58 [-1.26,1.73]
RCA Intangibles 0.42 0.86 0.49 [-0.92,1.42]
v Frictions 0.39 1.02 0.39 [-1.18,1.59]
Esm Intangibles 0.39 1.37 0.29 [-1.37,1.58]
Beta_Dimson Frictions 0.43 1.54 0.28 [-1.15,1.57]
RDM Intangibles 0.19 0.69 0.27 [-0.82,1.22]
Iskew_CAPM Frictions 0.20 0.76 0.26 [-1.13,1.43]
Lfe Intangibles 0.27 1.24 0.22 [-1.30,1.29]
dli Investment 0.13 0.59 0.22 [-0.96,1.08]
Alm Intangibles 0.18 0.84 0.21 [-1.33,1.25]
dGs Intangibles 0.16 0.93 0.17 [-1.30,1.07]
Altman_Z Profitability 0.17 1.17 0.15 [-1.31,1.47]
AvegCE Investment 0.09 0.68 0.14 [-1.18,1.27]
1G2 Investment 0.08 0.62 0.14 -0.96,1.00]
Rn2.5 Intangibles 0.16 1.27 0.13 [-1.47,1.20]
Epq Value 0.07 0.60 0.11 [-1.22,0.88]
TDM Value 0.11 1.25 0.09 [-1.44,1.27]
dSa Intangibles 0.10 1.16 0.09 [-1.15,1.48]
dSti Investment 0.09 2.73 0.03 [-1.54,1.62]
TAM Value 0.02 1.11 0.02 [-1.51,1.21]
Fra Intangibles -0.09 1.10 -0.09 1.41,1.18]
Log_Growth_BD Investment -0.10 0.83 -0.12 [-1.56,1.23]
beta.BD.lev Frictions -0.18 0.63 -0.29 [-1.47,0.95]
Frm Intangibles -0.31 0.95 -0.33 [-1.54,1.03]
Rn6_10 Intangibles -0.33 0.87 -0.37 [-1.60,1.11]
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Table A5 — continued from previous page

Anomaly Category OVIMS Se(OVIMS) T-value Boots. confidence interval
Bl Profitability -0.40 0.80 -0.50 [-1.56,0.84]
LTR Value -0.82 1.63 -0.50 [1.75,1.22]
Pta Tnvestment -0.55 1.05 -0.52 -1.56,0.92]
BMJ Value -0.46 0.78 -0.59 [-1.67,0.67]
Emq Value -0.40 0.63 -0.63 [-1.66,0.56]
Cpq Value -0.52 0.78 -0.66 [-1.70,0.58]
Spq Value -0.39 0.59 -0.66 [-1.67,0.52]
dsi Intangibles -1.24 1.78 -0.70 [-1.79,1.08]
IG3 Investment -0.53 0.72 -0.73 [-1.61,0.83]
Etr Intangibles -0.53 0.66 -0.81 [-1.68,0.82]
EBP Value 112 1.26 -0.89 [1.72,0.75]
Pda Investment -0.78 0.83 -0.94 [-1.73,0.64]
TES Momentum -0.93 0.94 -0.98 [-1.78,0.66]
Coskw Frictions -0.86 0.80 -1.07 [-1.72,0.60]
PS_Beta Frictions -0.76 0.72 -1.07 [-1.64,0.47]
Tan Intangibles -1.35 1.26 -1.07 [-1.78,0.64]
dWe Investment -0.65 0.54 -1.20 [-1.67,0.43]
POA Investment -0.86 0.67 -1.29 [-1.74,0.42]
Eper Intangibles -1.18 0.85 -1.38 [-1.72,0.38]
Iskew_FF3 Frictions -1.39 1.00 -1.38 [-1.90,0.50]
Dac Investment -1.55 1.04 -1.49 [-1.91,0.38]
NDP Value -1.69 1.09 “1.54 [-1.88,0.30]
Ocpq Value -1.01 0.57 -1.78 [-1.85,0.10]
Dmg Value -1.48 0.81 -1.82 [-1.86,0.07]
Amq Value -1.86 0.71 -2.62 [-1.94,-0.35]
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