
LBS Research Online

S Bryzgalova, A Pavlova and T Sikorskaya
Retail Trading in Options and the Rise of the Big Three Wholesalers
Article

This version is available in the LBS Research Online repository: https://lbsresearch.london.edu/
id/eprint/2827/

Bryzgalova, S, Pavlova, A and Sikorskaya, T

(2023)

Retail Trading in Options and the Rise of the Big Three Wholesalers.

Journal of Finance, 78 (6). pp. 3465-3514. ISSN 0022-1082

DOI: https://doi.org/10.1111/jofi.13285

Wiley
https://onlinelibrary.wiley.com/doi/10.1111/jofi.1...

Users may download and/or print one copy of any article(s) in LBS Research Online for purposes of
research and/or private study. Further distribution of the material, or use for any commercial gain, is
not permitted.

https://lbsresearch.london.edu/view/lbs_authors/3227833.html
https://lbsresearch.london.edu/view/lbs_authors/644603.html
https://lbsresearch.london.edu/id/eprint/2827/
https://lbsresearch.london.edu/id/eprint/2827/
https://lbsresearch.london.edu/view/lbs_authors/3227833.html
https://lbsresearch.london.edu/view/lbs_authors/644603.html
https://doi.org/10.1111/jofi.13285
https://onlinelibrary.wiley.com/doi/10.1111/jofi.13285


THE JOURNAL OF FINANCE • VOL. , NO. 0 • XXXX 2023

Retail Trading in Options and the Rise of the Big
Three Wholesalers

SVETLANA BRYZGALOVA, ANNA PAVLOVA, and TAISIYA SIKORSKAYA*

ABSTRACT

We document a rapid increase in retail trading in options in the United States.
Facilitated by payment for order flow (PFOF) from wholesalers executing retail or-
ders, retail trading recently reached over 60% of total market volume. Nearly 90% of
PFOF comes from three wholesalers. Exploiting new flags in transaction-level data,
we isolate wholesaler trades and build a novel measure of retail options trading. Our
measure comoves with equity-based retail activity proxies and drops significantly
during U.S. brokerage platform outages and trading restrictions. Retail investors pre-
fer cheaper, weekly options with average bid-ask spread of 12.6%, and lose money on
average.

THE ADVENT OF ZERO-COMMISSION TRADING in stocks and options has
revolutionized retail brokerage services in the United States. Since their
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market entry in 2015, the smartphone investing app Robinhood and other
commission-free brokerages have attracted an unprecedented inflow of retail
customers. At the peak of its popularity in late 2021, Robinhood alone had
amassed 21.3 million monthly active users, as reported in the company’s quar-
terly statements. The new generation of retail investors are young and tech-
savvy yet amateur investors. A survey by Financial Industry Regulatory Au-
thority (FINRA (2021a)) reports that 38% of investors who opened a (taxable)
brokerage account in 2020 did so for the first time. Of these new investors, 22%
were between ages 18 and 29 and 66% were under 45 years old. Moreover, a
third of first-time investors had account balances of less than $500.

One concern frequently brought up in the context of the recent retail trading
boom is related to the controversial practice of payment for order flow (PFOF).
Retail brokerages route clients’ orders to financial intermediaries (known as
wholesalers) for execution and receive PFOF in return. In equities, wholesalers
cross this order flow on their private trading platforms, away from national ex-
changes, and other market makers cannot compete for these orders. This is
known as internalization. PFOF is a divisive practice because such order flow
fragmentation may lead to wider bid-ask spreads on exchanges and because it
may incentivize investors to trade more (see SEC (2022)). In June 2022, Gary
Gensler, chair of the U.S. Securities and Exchange Commission (SEC), pub-
licly criticized PFOF and order execution quality for retail investors.1 How-
ever, the SEC’s attention has focused almost exclusively on equities; in fact,
Gensler gave the options market as an example of superior retail order exe-
cution. Unlike equities, all options in the United States trade on exchanges,
which should mechanically expose option orders to direct competition from
other market makers. It is therefore thought that internalization is specific
to equities.

In this paper, we argue that much of the retail order flow in options is
also effectively internalized. We identify a friction that may hinder competi-
tion from other market makers on options exchanges. Specifically, wholesalers
frequently execute retail orders through so-called price improvement mecha-
nisms, which, as we show, often amounts to internalization. This allows us
to isolate wholesaler trades and build a proxy for retail trading in options
by exploiting a recently introduced flag for price improvement mechanisms
in transaction-level data. We find that our measure of retail trading grew
101% from January 2020 to July 2021, in line with the growth in PFOF for
options.2 Retail traders prefer cheaper, weekly options—the average quoted
bid-ask spread for which is as high as 12.6%—and lose money on average. A
large fraction of retail order flow is serviced by very few wholesalers: The share
in PFOF of the top three has grown to nearly 90% as of the second quarter
of 2021.

1 See https://www.bloomberg.com/news/articles/2022-06-08/sec-chief-takes-aim-at-payment-
for-order-flow-in-sweeping-plans

2 We consider the combined PFOF from the largest U.S. retail brokerages reports under SEC
Rule 606 (routing of orders). See Section I.A for the list of brokerages in our sample.
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Retail Trading in Options and the Rise of the Big Three Wholesalers 3

We start by documenting the stylized fact that, although only a fraction of
investors trade options, most of the PFOF received by retail brokerages comes
from options, not equities. For example, in 2021, U.S. brokerages received $2.4
billion in PFOF for options and only $1.3 billion for equities. The lion’s share
of PFOF for options came from only three wholesalers: Citadel, Susquehanna,
and Wolverine.

Retail brokers in the United States are required to provide the best execu-
tion to their clients, so they have an agreement with a wholesaler to provide
price improvement relative to the best available bid and ask prices.3 To do
so, they often use an options exchange process known as a price improvement
auction or mechanism. Exploiting a flag for price improvement mechanisms,
introduced by the Options Price Reporting Authority (OPRA) in November
2019 for transaction-level data, we are able to identify wholesaler trades and
build a novel measure of retail trading in options. In our data, these are trades
executed through a single-leg price improvement mechanism, which we ab-
breviate as SLIM.4 The monthly dollar trading volume in SLIM transactions
grew by 101% from January 2020 to July 2021, alongside the PFOF in options
(158%).

We show that our measure picks up recent retail investor frenzies
in GameStop and other “meme” stocks, as captured by mentions on
WallStreetBets, an investing forum popular with new retail investors. Fur-
thermore, it is strongly correlated with an alternative retail investor trading
measure—small trades in options (up to 10 contracts)—commonly used in the
media and industry,5 as well as with Robinhood user popularity provided by
Robintrack and the retail frenzies measure of Barber et al. (2022). We also
construct a novel retail popularity measure based on the internalized volume
in the underlying stock or exchange-traded fund (ETF) using public data and
show that it comoves with SLIM trades in the corresponding options.

We provide several more tests to argue that our measure does indeed cap-
ture retail trades. First, SLIM trading in options on tickers popular with re-
tail investors drops significantly during outages on large U.S. retail broker-
age platforms. For example, when comparing SLIM trading in the options on
the same ticker during the times when these popular trading platforms ex-
perience an outage versus normal operation, we find that SLIM trading in
options on popular stocks and ETFs declines significantly. Broker platform
outages are plausibly exogenous to retail trading in options on a particular
ticker. Second, we run a similar test on tickers subject to trading restrictions

3 Most of the order flow in options received by retail brokerages in our sample is routed to
wholesalers. The fraction of orders routed directly to exchanges is small; see Table IA.I in the
Internet Appendix. The Internet Appendix is available in the online version of the article on The
Journal of Finance website.

4 Specifically, we use OPRA type “SLAN,” which stands for single-leg non-ISO price improve-
ment mechanisms. See Section I.B of the Internet Appendix for a description.

5 For instance, Bloomberg relies on small trades to proxy retail participation in options; see
https://www.bloomberg.com/professional/blog/gamestop-highlights-importance-of-option-related-
equity-flows/.
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imposed by the same retail brokerages in 2021. We find that SLIM trading in
those tickers drops significantly, by almost 30%, when all large brokers restrict
trading at the same time. Finally, we present more evidence supporting SLIM
as a measure of retail trading in options based on expiration-day rules of retail
brokerages, stock splits, and call option exercise patterns.

The new generation of retail investors is more tech-savvy and participates
in investment forums, but they are still financial novices. It is quite strik-
ing that they are so active in options markets, despite much higher bid-ask
spreads on options relative to stocks.6 Notably, 50% of retail trades in our sam-
ple are in ultra short-term options, that is, options with less than a week to
expiration, with an average quoted bid-ask spread of 12.6%. However, the true
trading costs for options may be obfuscated by the zero commissions; an op-
portunity to trade options is displayed prominently on gamified investing apps
used by the new generation of investors.7 Moreover, on some investing plat-
forms, including Robinhood, weekly options are presented as a default choice
to an options trader. In addition, retail investors may be attracted to the cheap
way of achieving leverage that these options provide: Embedded leverage in
weekly options is very high, often exceeding 50 (see Table IA.IV in the Internet
Appendix).

What can our measure tell us about retail investor preferences in options?
Retail investors in our sample strongly prefer call options to puts: The volume
share in calls is 69%. They further trade mostly at-the-money (72% of trades)
or slightly out-of-the-money (23% of trades) options. The latter involve espe-
cially high trading costs, with an average quoted bid-ask spread of 29%. In
terms of size, 42% of retail trades have a “micro” size of up to $250, and their
average quoted bid-ask spread is 23.5%. We document that retail investors
prefer options on larger companies, with lower share prices and higher recent
trading volume (e.g., attention-grabbing stocks). This result is consistent with
the literature on retail participation in equities. We view these cross-sectional
relationships as suggestive evidence of speculative rather than hedging mo-
tives behind retail trades. Finally, we document significant increases in both
call and put net purchases during retail investor frenzies, especially in trades
of a smaller size.

Are retail option trades profitable? To answer this question, we analyze the
performance of SLIM trades at the one-, two-, five-, and 10-day horizons, as
well as that of SLIM trades held until expiration. On aggregate, these trades
lose money for all horizons considered. For example, assuming a holding hori-
zon of 10 days, we estimate that the aggregate portfolio of retail investors lost

6 Muravyev and Pearson (2020) report that the average quoted bid-ask spread of options on
stocks in the S&P 500 is as high as 17.2%. In comparison, for S&P 500 stocks, this number is 3.55
basis points (bps) (as reported in Hagströrmer (2021)). Higher aggregate PFOF for options relative
to that for stocks (see Table IA.III in the Internet Appendix) indicates that executing order flow in
options is a lucrative business for wholesalers.

7 Chapkovski, Khapko, and Zoican (2021) show that gamification induces risk-taking among
novice traders, while Kalda et al. (2021) find that trading on smartphones induces investors to
purchase riskier and lottery-type assets.
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Retail Trading in Options and the Rise of the Big Three Wholesalers 5

$2.1 billion from November 2019 to June 2021. The bulk of the losses comes
from the indirect costs of trading. The aggregate trading costs, measured as
the distance from an actual trade price to midquote for all SLIM trades in our
sample, amount to a staggering $6.4 billion. This number is much higher than
direct trading costs (about $900 million), computed using commissions of retail
brokerages in our sample.8

We next examine the types of options contracts that retail investors lose
money on. Regardless of the performance measure (i.e., dollar performance,
per-dollar profitability, or delta-hedged performance), the aggregate net losses
are concentrated in trades in short-term contracts. Further decomposition by
trade direction suggests that there are two types of retail investors in our data:
those who buy short-term options and lose money, and those who sell these
contracts and make significant profits, even after transaction costs.

We also find that retail trading in options, in particular, high volume imbal-
ances in calls and puts, tends to predict returns on the underlying stocks over
the next trading day. This could be consistent with the informed trading hy-
pothesis. However, given the short-term nature of predictability and our other
findings on SLIM behavior and performance, these results seem to be more in
line with the price pressure caused by the hedging demand of the intermedi-
aries servicing retail order flow.

How big is retail participation in the options market, and what fraction of
their trading does our measure capture? We perform a back-of-the-envelope
calculation to assess how SLIM trading volume compares to the retail trading
volume that can be inferred from the recently revised SEC Rule 606 forms filed
by brokerages in the United States. First, we estimate that retail investors con-
stitute 62% of the total trading volume in options. This magnitude is striking,
given that this market has traditionally been thought to be populated largely
by institutional and/or sophisticated investors. Second, we find that SLIM re-
flects 70% of inferred trading volume from market and marketable limit orders
and 30% of the total inferred retail trading volume (or 18% of total market vol-
ume). To make up for the remaining retail trading and to alleviate concerns
related to order selection into SLIM, we propose three alternative measures
of retail trading that are noisier but capture a larger fraction of the overall
retail trading volume in options. Specifically, we first consider another way in
which wholesalers can internalize transactions of up to five contracts and use
the new OPRA trade flags to isolate such trades. We then add to those trades a
refined subset of small trades (of up to 10 contracts), again using OPRA flags
to define the subset, and finally also include small dollar-value trades (up to
$5,000). We show that these measures are similar to SLIM in terms of ob-
servables, for example, preference for short-term options and call contracts.
Like SLIM, these measures comove positively with proxies for retail investor
popularity and drop significantly during outages experienced by large U.S. re-
tail brokerages and during trading restrictions imposed by these brokerages.
Additionally, they are not statistically different from SLIM in terms of their

8 Robinhood does not charge commissions for options trades, but many other brokerages still do.
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6 The Journal of Finance®

net profitability. We thus conclude that while the SLIM methodology does not
capture the entire retail volume, SLIM trades are comparable to our broader
measures of retail trading.

Finally, we argue that our retail trading measure is less noisy than the pop-
ular industry alternative of small trades. Using the new OPRA trade flags,
we identify many institutional transactions that are broken down into multi-
ple small trades. The naive small trades measure may therefore contain many
false positives, contaminating empirical analysis.

Our paper is related to the emerging literature exploring retail investor trad-
ing in the age of Robinhood. Focusing on retail investor equity holdings and
trading, Welch (2022), Barber et al. (2022), Boehmer et al. (2021), Eaton et al.
(2022b), and Fedyk (2021) argue that the new generation of investors differs
from retail investors previously examined in the literature (most notably by
Barber and Odean (2001)) along several important dimensions. Although the
counts of retail investor equity positions are available from Robintrack, data on
their trading in options are not available to researchers. To our knowledge, we
are the first to document retail investor preferences and market participation
in options, which we infer from transaction-level data using newly introduced
OPRA trade types.

We are aware of the following papers on retail trading in options. Using
account-level data from a brokerage, Bauer, Cosemans, and Eichholtz (2009)
document that retail investors’ motives for trading appear to be gambling and
entertainment and that they incur substantial losses on their options invest-
ments. Lakonishok et al. (2007) argue that speculation is the key driver of
retail investors’ trading in options and that during the dot-com bubble, they
favored options on growth stocks. Our paper documents that this phenomenon
is even more widespread than initially thought, given that retail trading in
options accounts for over 60% of the total market volume. Furthermore, our
findings indicate that most of this trading is likely related to gambling as op-
posed to hedging motives. In contemporaneous work, Eaton et al. (2022a) use
retail brokerage outages to document that options on stocks popular with re-
tail investors experience demand pressures that affect their implied volatili-
ties, and de Silva, Smith, and So (2022) document that retail investors lose
on their trades around earnings announcements. These papers mainly exploit
data from Nasdaq options trade outlines. Our paper uses transaction-level
data for the entire U.S. options market to document the trading patterns of the
new generation of retail investors. We confirm the findings of Lakonishok et al.
(2007) that retail investors have a strong preference for call options and that
on average they write more options than they buy. We additionally document
that they choose ultra short-term (weekly) options (consistent with preferences
for skewness discussed in Barberis and Huang (2008) and Boyer and Vorkink
(2014)), participate in trading frenzies, and incur large trading costs (possibly
masked by zero-commission offers). The literature also documents poor retail
investor performance during the bubble episode in the Chinese warrant mar-
ket, attributing poor performance to feedback trading, herding, and buying
out-of-the-money warrants too close to expiration (Xiong and Yu (2011), Cai
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Retail Trading in Options and the Rise of the Big Three Wholesalers 7

et al. (2021), Li, Subrahmanyam, and Yang (2021), and Pearson, Yang, and
Zhang (2021)).

Finally, also related to our work are papers on options market structure and
liquidity, for example, Battalio, Griffith, and Van Ness (2021), Ramachandran
and Tayal (2021), Muravyev and Pearson (2020), Christoffersen et al. (2018),
Battalio, Shkilko, and Van Ness (2016), Muravyev (2016), and Mayhew (2002).
None of these papers, however, constructs measures of retail investor trading
or, more generally, examines retail investors. In independent contemporane-
ous work, Ernst and Spatt (2022) and Hendershott, Khan, and Riordan (2022)
propose the same method as ours to identify wholesaler trades in the options
market. Their main focus is on the price improvement (relative to the best pre-
vailing quotes) achieved by wholesalers. Our focus is on the behavior of retail
investors in the options market and on their performance during the recent
retail trading boom.

I. PFOF and Rise of Retail Trading in Options Market

In this section, we document novel facts about retail trading in the U.S. op-
tions market. Leveraging several granular data sets and regulatory filings, we
describe the market for PFOF in stocks and options. We propose a new mea-
sure of retail activity in the options market based on transaction-level data,
describe its composition, and show how it relates to existing stock-level retail
activity measures and other characteristics of the underlying. We validate our
measure using plausibly exogenous trading restrictions and show that it is
representative of broader measures of retail trading in options.

A. Data

We use option transaction–level data from OPRA LiveVol provided by CBOE.
Those data cover all trades on 16 U.S. exchanges in index, ETF, and equity
options. In our analysis, we focus on ETF and equity options and exclude index
options.9 Our sample covers the period November 4, 2019, to June 30, 2021.

Following the literature, we remove canceled trades, trades with nonpositive
size or price, and trades with a negative spread (difference between best ask
and best bid), and we keep only those trades for which trade price is above the
best bid minus spread and below the best ask plus spread. We aggregate trades
of the same contract with the same quote time, exchange ID, trade price, and
trade condition ID into one line. We do not exclude open or close trades from
our analysis, but we confirm that excluding trades before 9:45 a.m. and after
3:50 p.m. does not change our results. We winsorize trade prices, sizes, and
spreads at the 99.5th percentile daily. To compute trade imbalances, we follow
the method described in Muravyev (2016)—trades with prices above (below)
the midpoint are classified as “buy” (“sell”) trades and trades at the midpoint

9 Our sample also includes some American Depositary Receipts (ADRs). For brevity, we refer to
underlying assets as “stocks and ETFs” in the text that follows.
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8 The Journal of Finance®

are classified according to the quote rule on the exchange in which the trade
took place.10

We use daily option price, volume, and open interest (OI) data from Option-
Metrics. These data are available at the contract level for the period January
4, 1996, and June 30, 2021. We lag OI for all data after November 28, 2000,
to obtain a series of consistent OI as of the end of day.11 We exclude contracts
with a nonstandard settlement.

We also use data from Nasdaq Options Trade Outline (NOTO) and the PHLX
Options Trade Outline (PHOTO) End-of-Day files with order classification by
the originating counterparty (customers, professional customers, market mak-
ers, firms, or broker/dealers). This sample covers the period November 4, 2019,
to June 30, 2021.

All standard stock- and ETF-level data come from the Center for Research in
Security Prices (CRSP). These data include dividend history, stock prices and
returns, and outstanding shares. To link with OptionMetrics, we rely on the
SecId-PERMNO crosswalk provided by WRDS.

Our data on retail investor popularity are as follows. To construct a measure
of ticker mentions on WallStreetBets and its popularity, we use information
on both posts and comments available from the Pushshift Reddit Dataset, the
largest publicly available Reddit data set, that includes all posts and comments
on the platform and is continuously updated in real time. In particular, we use
monthly dump files for the period November 2019 to June 2021 to collect both
original submissions (posts) and comments in the Daily Discussion and Un-
pinned Daily Discussion threads of the WallStreetBets forum. To count ticker
mentions in the downloaded posts and comments, we start from the list of
unique historical tickers from CRSP. We then search for the historical tickers
in all comments and sum by date. Note that we exclude tickers that might co-
incide with popular words used on the forum (“USA,” “YOLO,” “IPO,” “MOON,”
etc.) We further search only for capitalized tickers, which the Reddit audience
typically use. Since we exclude some tickers, omit any lower case mentions,
and do not cover other threads of the forum (such as occasional megathreads),
our measure provides a lower bound for ticker popularity. We provide a full
description of the data set and our filters on ticker exclusion in Section III.D of
the Internet Appendix.

For Robinhood breadth of ownership, we use Robintrack data, which are
provided in intraday snapshots and cover the period May 5, 2018, to August
13, 2020. We use the number of users holding a stock as of the last intraday
snapshot.

10 We have also confirmed that our results hold if we use two alternative methods: a so-called
quote rule, which excludes midpoint trades and is shown to have strong performance for options
data by Savickas and Wilson (2003), and the Lee and Ready (1991) algorithm, which applies the
tick rule to classify trades at midpoint instead of excluding them. The resulting ticker-level imbal-
ances have a correlation of over 99% between the quote and Lee-Ready (1991) methods, while the
correlation of each with the Muravyev (2016) method is 94%.

11 The lag is due to the change in the reporting format of OptionMetrics. This implies that
end-of-day OI is measured after option exercises.
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Retail Trading in Options and the Rise of the Big Three Wholesalers 9

In addition, we rely on FINRA Over-the-Counter (OTC) Transparency data
for stock trading volumes executed away from lit exchanges, that is, automated
trading system (ATS), typically referred to as “dark pool,” and non-ATS OTC
trades. Pursuant to FINRA’s Regulatory Notice 15-48, these are available as
of April 2016 by security and venue.12

Recently revised Rule 60613 requires broker-dealers to report aggregate data
on PFOF in stocks and options, as well as their composition across a number
of categories. We download these forms for the largest brokers in the United
States directly from their websites. We consider all the leading retail broker-
ages that rely on wholesalers for PFOF in servicing retail flow. A list of brokers,
largest venues, and brokers’ corresponding payments for order flow is reported
in Table IA.III in the Internet Appendix. We consider PFOF and PFOF-implied
volume for each reporting broker. Note that our sample does not include Inter-
active Brokers, because they do not rely on the PFOF model and send retail
orders directly to exchanges. In tests with broker platform outages and trad-
ing restrictions, we merge TD Ameritrade and Charles Schwab from October
2020 because that is when Charles Schwab completed its acquisition of TD
Ameritrade. Details on our samples of outages and restrictions are reported in
Sections IV.A and IV.B of the Internet Appendix, respectively.

B. Zero Commissions, PFOF, and Market Structure

The global retail brokerage industry has changed drastically in recent years.
More platforms are offering zero-commission trading in equities, and com-
missions in other asset classes have been reduced as well. Elimination of
commissions has fueled a retail participation boom in financial markets, an
increase in day trading, and gamification of investing.14 The success of the
zero-commission business model relies on PFOF received from intermediaries
in exchange for routing retail orders to them for execution. In response to the
changing industry landscape and to promote transparency, the SEC introduced
new reporting requirements for brokers. In this section, we use the forms filed
in compliance with the new rule (Rule 606 reports) to describe the market
for PFOF.

Figure 1 plots monthly PFOF received by U.S. retail brokerages in our sam-
ple since the more detailed reporting of PFOF was made compulsory by the
SEC. Although only a fraction of retail investors trade options, the amount of
PFOF from options exceeds that from stocks by about 100% in each month in
our sample. In 2021, the annual PFOF from options was $2.4 billion, compared
to $1.3 billion from equities. Our results below help shed light on why PFOF
in options is so large.

12 Details are on the website of FINRA: https://otctransparency.finra.org/otctransparency/
AtsIssueData. For details on the rule, see: https://www.finra.org/rules-guidance/notices/15-48.

13 For details, see https://www.sec.gov/rules/final/2018/34-84528.pdf
14 See, for example, the interview with the SEC chair: https://www.cnbc.com/amp/2022/01/19/

secs-gensler-warns-investors-about-frequent-trades-on-brokerage-apps.html.
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Figure 1. Payment for order flow: Options versus stocks. This figure plots aggregate
monthly payments for order flow received by U.S. retail brokerages.

Figure 2. Market concentration in PFOF: Options versus stocks. This figure plots the
share of PFOF received by U.S. retail brokerages from the top three and top five wholesalers. The
top three wholesalers in options are Citadel, Susquehanna, and Wolverine, while the top three
wholesalers in stocks are Citadel, Virtu, and Susquehanna.

Despite recent growth in retail trading and the commercial success of the
zero-commission model, the wholesaler market remains quite concentrated,
with the top five PFOF providers accounting for over 95% of the total PFOF
received by U.S. brokerages (see Figure 2). Also apparent from Figure 2 is the
high concentration of PFOF providers in options, with the share of the top
three providers—Citadel, Susquehanna, and Wolverine—increasing from 73%
at the beginning of our sample, and reaching an average value of about 85%,
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Retail Trading in Options and the Rise of the Big Three Wholesalers 11

to peaking at nearly 90% in the second quarter of 2021. Below, we refer to
Citadel, Susquehanna, and Wolverine as the Big Three wholesalers in options.

C. SLIM: A Measure of Retail Trading in Options

In this section, we propose a new measure of retail trading in options.
Our methodology relies on detecting wholesaler-intermediated trades in
transaction-level options data.

A highly publicized advantage for investors to have their orders routed to a
wholesaler by a retail brokerage in exchange for PFOF is that the wholesaler
promises a price improvement to customers, that is, an execution price that is
at least as good as or better than the best quoted price, known as National Best
Bid and Offer, or NBBO. To meet this commitment, wholesalers frequently
execute retail orders through price improvement auctions/mechanisms, offered
by most options exchanges in the United States (see Section I.E of the Internet
Appendix).

This is how it works. A retail investor sends an order, which the broker
routes to a wholesaler in exchange for PFOF and price improvement. Unlike
a stock order, which can be internalized by a wholesaler on its own private
trading platform, all options orders in the United States must be executed
on exchanges. The wholesaler therefore engages its affiliated market maker
to bring a paired order (with the affiliated market maker taking the other
side) to a price improvement auction on an exchange. Market participants
(“responders”) have a window of time to respond (by sending a “contra” offer)
with a better price (hence the name “price improvement mechanism”), which
could lead to the wholesaler losing the trade. In practice, the fees set by ex-
changes are stacked against responders, and it is prohibitively expensive to
break up many of these paired trades.15 These responder fees are so high be-
cause exchanges also compete for the order flow and incentivize wholesalers to
bring orders to them.16

Our novel measure of retail trading activity in options is based on trades
that went through price improvement auctions. To construct it, we use a data
set from OPRA that includes all options transactions in the United States. We
take advantage of a unique feature of our data set, namely, the new trade-
type flags introduced by OPRA on November 4, 2019. This classification is

15 On most exchanges, order execution by a wholesaler-affiliated market maker is charged the
fee of just $0.05 per contract. In contrast, it would cost another market maker $0.50 to break
up/respond to one of these already paired orders during an auction. In the latter case, the whole-
saler receives a net rebate of $0.30 per contract simply for bringing the order to the exchange.
Section I.E of the Internet Appendix contains a detailed description of the fee structure pertaining
to price improvement mechanisms on U.S. options exchanges and highlights the fee advantages
enjoyed by affiliated market makers.

16 To some extent, this is natural, since markets benefit from the presence of largely unin-
formed retail flow and wholesalers are therefore compensated for delivering these orders. How-
ever, the structure and size of the fees associated with servicing retail order flow that would lead
to the optimal level of competition among market makers and efficient order execution remains an
open question.
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12 The Journal of Finance®

significantly more detailed than its predecessors, and hence we construct our
measure starting from November 4, 2019. Specifically, we use the OPRA trans-
action code SLAN, which stands for “single-leg price improvement mecha-
nism”; we use the acronym SLIM to refer to these trades (see Section I.B of
the Internet Appendix for a description). In our analysis below, we focus pri-
marily on SLIM Share, which could be computed as a frequency share and
as a trading volume share. We adopt the latter definition, as it is more rele-
vant for assessing the economic importance of retail traders. We compute it
daily and aggregate it to a ticker level using total options trading volumes.
We discuss other measures constructed using SLIM trades, for example, SLIM
imbalances, later in this section.

Price improvement auctions were first introduced to improve trade execu-
tion for institutional investors, but a specific type of them that we use, single-
leg non-ISO price improvement auctions (OPRA trade type “SLAN”), are now
used by wholesalers for executing retail orders. ISO stands for “intermarket
sweep orders,” a type of market orders developed for large institutional trades
that take all available liquidity at the best price, then all liquidity at the
next best price, and so on, until the order is filled. Trades that are executed
in ISO price improvement auctions have a very different profile than SLIM
trades—these are large institutional trades. There are also multileg price im-
provement auctions and stock options auctions, among others (see Section I.B
of the Internet Appendix for more details), which may have some retail in-
vestor transactions, but they are a much noisier measure of retail trading
and hence we restrict our measure to single-leg non-ISO price improvement
auctions.

For comparison, we also report a measure of retail trading in options often
used in the media and industry: Small Share, the volume share of trades of up
to 10 contracts, and the corresponding trading volume in small trades.17 The
frequency share of small trades is 89% in our sample, which overestimates re-
tail investor activity in options. This measure is noisier than SLIM because in
addition to retail trades, it contains transactions of proprietary trading firms
(e.g., Simplex Trading) or ISO orders of large institutional investors, which
were broken into smaller trades by order execution algorithms. For example,
ISO transactions are reported by OPRA as a collection of separate small trans-
actions for the same contract but at different prices and different exchanges.
In our sample, the small trades measure picks up 27.2% of ISO trades. Us-
ing the OPRA flag for ISOs, we can approximately reconstruct the original
order by bunching together trades in the same contract at virtually the same
time on multiple exchanges. Table IA.VI in the Internet Appendix contrasts
ISO trades as reported by OPRA and bunched ISO trades. In the original

17 Another popular measure of retail trading in options is based on the “customer” order classi-
fication provided by some exchanges. Bryzgalova, Pavlova, and Sikorskaya (2022) highlight false
positives of this order classification using OPRA codes for transactions executing a specific sophis-
ticated arbitrage trading strategy—dividend play.
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Retail Trading in Options and the Rise of the Big Three Wholesalers 13

Figure 3. Retail investor trading in options. This figure characterizes retail investor trading
in the U.S. options market between November 2019 and June 2021. Panels A and C plot total daily
trading volumes in SLIM and small trades, respectively. Panels B and D plot daily SLIM Share
and Small Share, respectively, averaged across all stocks and ETFs in our sample.

transactions data, the volume share of trades above $20,000 is only 9.6%,
while in the bunched sample this share reaches 20.1%. In Section I.E below,
we propose a refinement of the small trades measure based on the new OPRA
trade flags, which is a more accurate measure of retail trading than all small
trades.

In Figure 3, we plot our retail trading measure in options, SLIM Share,
alongside Small Share. We also plot the total volume of SLIM and small
trades. Panels A and C reveal significant growth of and comovement between
SLIM and small trading volumes: Retail investor trading shows a marked
increase in our sample. For example, the dollar trading volume in SLIM and
small transactions grew by 101% and 135%, respectively, from January 2020
to July 2021. This is in line with the growth of PFOF for options, which is 158%
over the same period, based on monthly data. The growth in retail trading
is especially high from January 2020 to March 2021. This period includes
several well-publicized retail investor frenzies in equities and a meteoric rise
in the number of Robinhood’s active users. This increased participation is
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14 The Journal of Finance®

also reflected in higher average shares, especially in summer 2020, when the
average SLIM Share was over 20%.

Table I presents various features of SLIM trades and compares them to non-
SLIM trades in the options market. To formally test the differences between
them, we compute the average daily characteristics for SLIM and non-SLIM
trades across each of the dimensions reported in Table I. Values with asterisks
correspond to the features of the SLIM trades that are statistically different
from those of non-SLIM trades at the 1% level at a daily frequency. We re-
port the daily averages and test their differences relative to those of non-SLIM
trades in Tables IA.VII and IA.VIII in the Internet Appendix, respectively.

One striking fact is that retail investors prefer to trade options with the
shortest maturities: 49.9% of SLIM trades (in terms of their volume share)
are in weekly options, compared with 41.5% for the non-SLIM trades. This dif-
ference is highly significant, both statistically and economically. The average
bid-ask spread in options with less than a week to expiration is a whopping
12.6%. The effective spread is lower, 6.6%, indicating that these orders did in-
deed receive price improvement. However, the effective spread is still orders of
magnitude higher than that in equities.

Why do retail investors opt for ultra short-term options? One possible ex-
planation is that options with the shortest maturity are listed as the default
on trading apps (e.g., they are a default choice on Robinhood).18 Another ex-
planation is investor preferences for lotteries or gambling. This explanation is
consistent with preferences for skewness, as discussed in Barberis and Huang
(2008) and Boyer and Vorkink (2014), and with a number of other behavioral
biases (e.g., overconfidence, sensation-seeking, and preferences for gambling),
summarized in table 1 of Liu et al. (2022).19 Finally, retail investors may simply
be cash-constrained.20 Indeed, weekly options have the lowest prices relative to
otherwise identical contracts with longer maturities, so retail investors could
select the cheapest alternative. At a 12.6% quoted bid-ask spread, however,
the cheapest alternative is by no means cheap to trade. Lured by recent low-
or zero-commission offers, retail investors possibly underestimate the indirect
trading costs in the options market.21

Table I also reveals that retail investors strongly prefer calls to puts: The
volume share in calls is 71.5%. We further find that written options are slightly
more popular with retail investors than purchased options. Retail brokerages

18 Default options often have a significant impact on financial decision making; see Madrian and
Shea (2001), Choi et al. (2004), Beshears et al. (2009), and Beshears et al. (2021), among others.

19 Weekly at-the-money options, favored by retail investors, often have an implied leverage of
58 to 72. Table IA.IV in the Internet Appendix reports implied leverage for various option groups.

20 For evidence that the new generation of retail traders in options is cash-constrained, see
FINRA (2021a). Additionally, in Section VII.C of the Internet Appendix, we examine stock splits
and present evidence suggestive of cash constraints.

21 The PFOF model and its implications for execution quality and cost transparency have been
under regulatory scrutiny for years. See, for example, the 2021 U.S. Congressional hearing on
Robinhood entitled “Game Stopped? Who Wins and Loses When Short Sellers, Social Media,
and Retail Investors Collide,” https://www.nytimes.com/2021/02/19/business/dealbook/robinhood-
hearing-congress.html.
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Retail Trading in Options and the Rise of the Big Three Wholesalers 17

in our sample place various restrictions on naked options positions, as detailed
in FINRA (2021b). Therefore, while written puts may simply be covered with
cash, written calls (that do not simply close a preexisting long position in the
same contract) are most likely part of a covered call strategy. We also use the
Nasdaq NOTO and PHOTO end-of-day files for our sample period and provide
trade classification by the originating counterparty. Following de Silva, Smith,
and So (2022), we use the “customer” classification to generate a proxy for daily
retail trader position and find the negative imbalance there as well. All of these
findings confirm the results of Lakonishok et al. (2007), who use account-level
data to document the same behavior for customers of a discount brokerage
and a full-service brokerage. Muravyev and Pearson (2020) document a 3.4%
sell imbalance in OPRA data for options on S&P 500 stocks. One could argue,
however, that the new generation of retail investors is cash-constrained and
does not have sufficient collateral for writing options. The buy-sell imbalance
in SLIM trades could then be due to the fact that our measure contains some
institutional transactions, which are sell-imbalanced, while genuinely retail
transactions include more buys than sells.

From Table I, we observe that retail investors trade mostly at-the-money
(72% of trades) or slightly out-of-the-money (23%) options. The latter involves
higher trading costs, with average quoted bid-ask spread of 28.7%. Further-
more, 41.6% of retail trades have a “micro” size of up to $250, compared to
39.7% for non-SLIM trades, and their average quoted bid-ask spread is 23.5%.
Descriptive statistics in Table I are similar for dollar volume shares, reported
in Table IA.IX in the Internet Appendix. These observations suggest that retail
investors are entering the options market with an intent to speculate rather
than hedge—a point also made in Lakonishok et al. (2007) and Bauer, Cose-
mans, and Eichholtz (2009). All of these results are similar if we use the
quote rule to classify trades and exclude open and close trades, as shown in
Table IA.X in the Internet Appendix.

In Table I, 10.8% of SLIM trades volume (or 1.8% based on the frequency
share) are above $20,000. The literature on retail trading in equities typically
considers such large trades to be institutional (starting from Lee and Radhakr-
ishna (2000)). In our sample, these trades are indeed likely to be institutional.
They are also large enough to have a price impact: Table I shows that effec-
tive spreads exceed quoted spreads for these trades. We acknowledge the pres-
ence of false positives in our baseline measure, and throughout the Internet
Appendix we show the robustness of our subsequent results to using SLIM
trades below $20,000 as an alternative proxy for retail trades. For example,
Table IA.XI in the Internet Appendix shows the descriptive statistics of trades
below $20,000, which are very similar to those without the size filter. We fur-
ther discuss potential limitations of our measure of retail trading in options in
Sections I.E and III.E below.

We next explore how our measure of retail activity in the options market re-
lates to the characteristics of options contracts and their underlying. To do
so, we first run the following panel regression, separately for call and put
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options:22

SLIM Tradingi,t = γ ′Xi,t + δ′Ci,t + αi + μt + εi,t . (1)

For call or put contracts of each ticker i on date t, we consider two measures for
SLIM Tradingi,t . The first is SLIM Sharei,t , the volume share of SLIM trades
among all the options transactions in ticker i on date t, which reflects the gen-
eral presence of retail investors. The second measure is SLIM Imbalancei,t , in
both calls and puts, which is the volume difference in buy and sell SLIM trades
scaled by the total volume of SLIM trades, corresponding to a buy or sell tilt in
retail investor trades.

Our vector of characteristics Xi,t includes the following ticker-level variables:
log dollar trading volume in options on t − 1, log price on t − 1, log total trad-
ing volume (lit, ATS, and non-ATS OTC) in the underlying stock or ETF over
the previous week, relative spread in the underlying averaged over the pre-
vious week, volatility of the underlying returns over the previous week, and
log market capitalization as of t − 1. Our vector of contract characteristics Ci,t ,
equal-weighted at the ticker i level, includes quoted spread, options money-
ness, their time to expiration in months, and leverage.23 We include ticker and
date fixed effects, αi and μt . Finally, we report descriptive statistics for all these
variables in Table IA.XII in the Internet Appendix.

Table II presents the results of estimating equation (1). A notable feature of
SLIM trades is that retail investor share and order imbalance are higher in
the options on the underlying with a larger market capitalization and a higher
trading volume in the previous week. The latter is consistent with higher retail
participation in attention-grabbing securities. Furthermore, retail investors
tend to prefer tickers with lower underlying price (and hence cheaper options
as well). In addition, retail trading is more prevalent in the options on more
liquid stocks and ETFs. Earlier studies document similar relationships for the
stock-level imbalances (see Boehmer et al. (2021) and Welch (2022)).24

Notably, we see that SLIM Imbalance in calls is likely to be higher in smaller
stocks. However, we also see that our chosen set of characteristics has smaller
overall explanatory power for imbalances. It suggests that most of the potential
price pressure originated from retail investors in the options market seems to
be unrelated to fundamentals. This is consistent with the retail flow being
fairly balanced and, hence, attractive to market makers.

22 Splitting the contracts allows us to document differential relationship with the past return
on the underlying stock or ETF. All the other results remain similar if we pool both types of
contracts together.

23 Results are not sensitive to whether we use equal- or volume-weighting for contract char-
acteristics at the ticker level. Furthermore, our results are robust to including implied volatility,
trade size, delta, and other option Greeks, such as theta, vega, and gamma, among the contract-
level controls.

24 Both SLIM Share and SLIM Imbalance are also correlated with a quasi-Robinhood portfolio,
designed to reflect retail-popular tickers. Portfolio weights are based on the previous total trad-
ing volume, following the general procedure of Welch (2022). See Table IA.XIII in the Internet
Appendix.
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Retail Trading in Options and the Rise of the Big Three Wholesalers 19

Table II
Retail Trading in Options and Underlying Characteristics

This table reports results of estimating (1) on daily data from November 2019 to June 2021. SLIM
Share is the ticker-level volume share of SLIM trades. SLIM Imbalance is the ticker-level volume
imbalance for SLIM trades. Underlying price (log) is as of the day before. Underlying return is the
total return over the last week. Underlying spread is averaged over the previous week. Underlying
volatility is return volatility over the previous week. Option spread is the contract quoted relative
spread. Option time to expiration (in months), moneyness, spread, and leverage are equal-weighted
across trades at the ticker level. All regressions include date and ticker fixed effects. All variables
are standardized within the contract type (call or put). t-statistics are based on standard errors
clustered by ticker and date (in parentheses). *** p < 0.01, ** p < 0.05, and * p < 0.1.

SLIM Share SLIM Imbalance

Call Put Call Put
(1) (2) (3) (4)

Option volume, lagged log −0.002 −0.036*** 0.038*** 0.028***

(−0.76) (−13.88) (12.08) (9.04)
Underlying price, log −0.269*** −0.212*** −0.044*** −0.063***

(−15.83) (−14.11) (−3.82) (−5.91)
Underlying return, past week −0.005*** 0.013*** −0.005*** 0.005***

(−3.79) (9.96) (−3.28) (3.34)
Total volume in underlying, past week log 0.060*** 0.048*** 0.009* 0.032***

(10.00) (9.07) (1.82) (5.97)
Underlying spread −0.030*** −0.011*** −0.016*** −0.013***

(−7.64) (−3.07) (−4.54) (−3.46)
Underlying volatility, past week 0.001 0.000 −0.005** −0.004*

(0.32) (0.12) (−2.17) (−1.75)
Market cap, lagged log 0.069*** 0.043** −0.071*** −0.004

(2.81) (2.08) (−4.39) (−0.30)
Option time to expiry −0.010*** −0.014*** 0.003* −0.002

(−7.17) (−11.15) (1.85) (−1.10)
Option moneyness −0.018*** −0.016*** −0.003* 0.001

(−9.68) (−8.60) (−1.85) (0.36)
Option spread −0.024*** −0.025*** −0.009*** −0.008***

(−11.70) (−13.11) (−3.59) (−3.28)
Option leverage 0.007*** 0.002 −0.000 0.000

(3.27) (1.15) (−0.07) (0.14)
Observations 1,334,444 1,107,614 1,077,136 801,723
Adjusted R2 0.116 0.088 0.021 0.023

A natural question to ask is how SLIM Share and SLIM Imbalance relate to
other measures of retail activity. For options, we use small trades as another
proxy for retail activity, a measure popular in the industry despite its caveats
discussed above. We also consider a number of retail trading measures in eq-
uities, proposed in recent literature. These stock-level measures include retail
trading imbalances (Boehmer et al. (2021)), breadth of Robinhood user own-
ership (Welch (2022) and Eaton et al. (2022b)), and counts of WallStreetBets
ticker mentions (also Eaton et al. (2022b)). Due to data availability, we focus
on the latter two.
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20 The Journal of Finance®

We add one more measure of retail equity trading to the list: internalized
volume, which is the share of non-ATS OTC weekly trading volume in total
volume (i.e., the aggregate of lit, ATS, and non-ATS OTC volumes), at the stock
level, based on FINRA and CRSP data.25 FINRA makes public the identities of
the largest market makers executing non-ATS OTC transactions. Internalized
trades for stocks are executed off lit exchanges, yet not in “dark pools” (which
are classified as ATS transactions). The non-ATS OTC transactions consist
primarily of internalized order flow from retail and institutional customers of
wholesalers. Table IA.XIV in the Internet Appendix ranks market makers by
their non-ATS OTC volume share. This ranking closely resembles the one in
which we sort wholesalers by their share in PFOF. To the best of our knowl-
edge, this measure has not been used in the extant literature to date. For more
details, see Section III.B of the Internet Appendix.

To understand the relationship between SLIM Share/SLIM Imbalance and
other measures of retail activity, we run a panel regression similar to that in
equation (1), but we now also consider other measures of retail activity, one at
a time:

SLIM Tradingi,t = βRetaili,t + γ ′Xi,t + δ′Ci,t + αi + μt + εi,t, (2)

where Retaili,t is one of the following measures of retail activity at the ticker
level: sharesmall , the volume share of trades up to 10 contracts for ticker i on
date t (within call and put options); Internalized volume in underlyingi,t , the
share of non-ATS OTC (i.e., internalized) volume in the total trading volume
of ticker i in the week of date t; Robinhood ownership breadth, logi,t , the log-
arithm of the number of Robinhood users holding the ticker i at the end of
date t; and WSB mentions, logi,t , the logarithm of the number of times ticker i
was mentioned on the WallStreetBets forum on date t. We use the same set of
controls for options contracts (Ci,t) and their underlying (Xi,t) as in equation (1).

Table III presents results of estimating equation (2). Our first observation is
that the measures of retail trading are positively correlated with both SLIM
Share and SLIM Imbalance in the cross-section. This provides some initial
validation of our measure of retail trading in options, with the main tests and
further supporting evidence presented in Sections I.D and III below. However,
along with the ticker-level X and C characteristics and fixed effects, they ex-
plain only 7% to 11% of the total variation in SLIM Share, showing very limited
improvement over the explanatory power documented in Table II.

We note that only WallStreetBets mentions exhibit an insignificantly posi-
tive correlation with SLIM Share (in calls), albeit they have a strong relation-
ship with SLIM Imbalance, suggesting that ticker popularity on the investor
forum is indeed related to overall buying pressure in both calls and puts, even
after conditioning on all the contract and underlying characteristics. The rela-
tionship between both SLIM Share and SLIM Imbalance with WallStreetBets

25 Not all of these trades originate from retail brokerages. FINRA defines it as “non-ATS elec-
tronic trading systems and internalized trades.” Nonetheless, our results suggest that a significant
fraction of these trades do originate from retail brokerages.

 15406261, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jofi.13285 by T

est, W
iley O

nline L
ibrary on [23/10/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Retail Trading in Options and the Rise of the Big Three Wholesalers 21

T
ab

le
II

I
R

et
ai

l
T

ra
d

in
g

in
O

p
ti

on
s

an
d

O
th

er
M

ea
su

re
s

of
R

et
ai

l
A

ct
iv

it
y

T
h

is
ta

bl
e

re
po

rt
s

re
su

lt
s

of
es

ti
m

at
in

g
(1

)o
n

da
il

y
da

ta
fr

om
N

ov
em

be
r

20
19

to
Ju

n
e

20
21

.S
L

IM
S

h
ar

e
an

d
S

m
al

lS
h

ar
e

ar
e

th
e

ti
ck

er
-l

ev
el

vo
lu

m
e

sh
ar

es
of

S
L

IM
an

d
sm

al
l

tr
ad

es
,

re
sp

ec
ti

ve
ly

.
S

L
IM

Im
ba

la
n

ce
an

d
S

m
al

l
Im

ba
la

n
ce

ar
e

th
e

ti
ck

er
-l

ev
el

vo
lu

m
e

im
ba

la
n

ce
fo

r
S

L
IM

an
d

sm
al

l
tr

ad
es

,
re

sp
ec

ti
ve

ly
.

In
te

rn
al

iz
ed

vo
lu

m
e

in
u

n
d

er
ly

in
g

is
th

e
sh

ar
e

of
n

on
-A

T
S

O
T

C
(i

.e
.,

in
te

rn
al

iz
ed

)
vo

lu
m

e
in

th
e

to
ta

l
tr

ad
in

g
vo

lu
m

e
in

th
e

u
n

de
rl

yi
n

g
st

oc
k

or
E

T
F.

R
ob

in
h

oo
d

ow
n

er
sh

ip
br

ea
d

th
,l

og
,i

s
th

e
lo

ga
ri

th
m

of
th

e
to

ta
ln

u
m

be
r

of
R

ob
in

h
oo

d
u

se
rs

h
ol

di
n

g
th

e
ti

ck
er

at
th

e
en

d
of

ea
ch

da
y.

W
S

B
m

en
ti

on
s,

lo
g,

is
th

e
lo

ga
ri

th
m

of
th

e
n

u
m

be
r

of
m

en
ti

on
s

a
ti

ck
er

ge
ts

on
W
a
l
l
S
t
r
e
e
t
B
e
t
s

du
ri

n
g

th
e

da
y.

U
n

de
rl

yi
n

g
co

n
tr

ol
s

X
an

d
co

n
tr

ac
t

co
n

tr
ol

s
C

ar
e

de
sc

ri
be

d
in

S
ec

ti
on

I.
C

.A
ll

re
gr

es
si

on
s

in
cl

u
de

da
te

an
d

ti
ck

er
fi

xe
d

ef
fe

ct
s.

A
ll

va
ri

ab
le

s
ar

e
st

an
da

rd
iz

ed
w

it
h

in
co

n
tr

ac
t

ty
pe

(c
al

lo
r

pu
t)

.t
-s

ta
ti

st
ic

s
ar

e
ba

se
d

on
st

an
da

rd
er

ro
rs

cl
u

st
er

ed
by

ti
ck

er
an

d
da

te
(i

n
pa

re
n

th
es

es
).

**
*
p

<
0.

01
,**

p
<

0.
05

,a
n

d
*
p

<
0.

1.

R
et

ai
lT

ra
di

n
g

in
C

al
ls

R
et

ai
lT

ra
di

n
g

in
P

u
ts

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

P
an

el
A

:S
L

IM
S

h
ar

e

S
m

al
lS

h
ar

e
0.

03
2**

*
0.

03
6**

*

(1
4.

04
)

(1
6.

58
)

In
te

rn
al

iz
ed

vo
lu

m
e

in
u

n
de

rl
yi

n
g

0.
02

9**
*

0.
02

2**
*

(9
.7

7)
(7

.9
3)

R
ob

in
h

oo
d

ow
n

er
sh

ip
br

ea
dt

h
,l

og
0.

04
4**

*
0.

07
1**

*

(4
.2

2)
(6

.6
5)

W
S

B
m

en
ti

on
s,

lo
g

0.
00

0
0.

00
4**

*

(0
.2

8)
(3

.0
2)

U
n

de
rl

yi
n

g
co

n
tr

ol
s

X
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
C

on
tr

ac
t

co
n

tr
ol

s
C

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

O
bs

er
va

ti
on

s
1,

33
4,

44
4

1,
33

4,
44

4
53

8,
42

3
1,

17
0,

99
0

1,
10

7,
61

4
1,

10
7,

61
4

45
2,

76
2

1,
00

3,
26

2
A

dj
u

st
ed

R
2

0.
11

7
0.

11
7

0.
11

0
0.

12
6

0.
08

9
0.

08
8

0.
08

1
0.

09
4

(C
on

ti
n

u
ed

)

 15406261, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jofi.13285 by T

est, W
iley O

nline L
ibrary on [23/10/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



22 The Journal of Finance®

T
ab

le
II

I—
C

on
ti

n
u

ed

R
et

ai
lT

ra
di

n
g

in
C

al
ls

R
et

ai
lT

ra
di

n
g

in
P

u
ts

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

P
an

el
B

:S
L

IM
Im

ba
la

n
ce

S
m

al
lI

m
ba

la
n

ce
0.

51
1**

*
0.

50
1**

*

(2
60

.8
1)

(2
19

.4
5)

In
te

rn
al

iz
ed

vo
lu

m
e

in
u

n
de

rl
yi

n
g

0.
01

5**
*

0.
00

3
(4

.9
9)

(0
.9

9)
R

ob
in

h
oo

d
ow

n
er

sh
ip

br
ea

dt
h

,l
og

0.
04

5**
*

0.
03

5**
*

(4
.4

9)
(3

.6
8)

W
S

B
m

en
ti

on
s,

lo
g

0.
01

6**
*

0.
01

0**
*

(1
5.

06
)

(8
.4

1)
U

n
de

rl
yi

n
g

co
n

tr
ol

s
X

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

C
on

tr
ac

t
co

n
tr

ol
s

C
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
O

bs
er

va
ti

on
s

1,
07

4,
56

9
1,

07
7,

13
6

42
2,

08
3

98
0,

43
8

79
8,

75
5

80
1,

72
3

32
4,

08
4

75
3,

26
8

A
dj

u
st

ed
R

2
0.

17
3

0.
02

1
0.

02
6

0.
02

0
0.

16
2

0.
02

3
0.

02
5

0.
02

3

 15406261, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jofi.13285 by T

est, W
iley O

nline L
ibrary on [23/10/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Retail Trading in Options and the Rise of the Big Three Wholesalers 23

mentions becomes particularly evident and highly statistically significant if we
restrict the sample to microtrades ($250 or less), as we show in Section III.C of
the Internet Appendix. This suggests that microtrades in options are particu-
larly good in representing the universe of WallStreetBets users.

To alleviate the concern that our results in Table II could be driven by false
positives (institutional trades) in our measure, Table IA.XVI in the Internet
Appendix considers only SLIM trades below $20,000. The results are similar
to those in Table II. Furthermore, given that the trading volume in the U.S. op-
tions market is highly skewed, one might be concerned that our results hold for
only very thinly traded contracts. In Table IA.XVII in the Internet Appendix,
we estimate equation (2) for the 354 tickers that constitute the top decile by the
total dollar trading volume in our sample. The estimation results are similar
to what we document in this section.

D. SLIM Trading During Broker Platform Outages and Trading Restrictions

In this section, we exploit trading restrictions on retail platforms to validate
our measure of retail trading. We use both aggregate (time-series) and stock-
level (panel) trading restrictions, already introduced in the literature. First,
we follow Eaton et al. (2022b) and Barber et al. (2022) to show that the retail
trading share, as measured by SLIM Share, significantly decreases when re-
tail broker platforms experience outages. Second, we follow Jones, Reed, and
Waller (2021) to show that trading restrictions on particular tickers are also
associated with a lower SLIM Share in those tickers. Combining two types
of restrictions allows us to use both time-series and cross-sectional variation
to validate SLIM, as well as mitigate concerns related to how we measure
restrictions.

Eaton et al. (2022b) and Barber et al. (2022) use the data on outages from
DownDetector.com26 and Robinhood incident history, respectively, to study the
effects of retail trading in stock markets. The data of Eaton et al. (2022b)
cover more brokers, but are not public. However, DownDetector.com reports
the largest outages for each broker in our sample on its Twitter account. We
hand-collect these data to construct a sample of outages covering large bro-
kers from public sources. Details on how we construct this sample are pre-
sented in Section IV.A of the Internet Appendix. We study the effects of out-
ages on retail trading in a sample of the top 100 most mentioned tickers on
WallStreetBets during our full sample period.

The unprecedented volatility in certain stocks resulted in many retail bro-
kers restricting trading in January 2021. Jones, Reed, and Waller (2021) study
the effect of those restrictions on the overall stock and options trading activity.
We identify the timing of restrictions in two ways. First, we precisely follow the
timings reported in Table 1 of Jones, Reed, and Waller (2021), that cover the re-
strictions introduced by Robinhood and TD Ameritrade (and Charles Schwab)
and are based on the snapshots from the Internet Archive Wayback Machine.

26 https://downdetector.com/is the largest consolidator of outage data.
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Second, since the snapshots from the Wayback Machine are infrequent, we
refine the list of restrictions by manually searching for online posts related to
the restrictions on Twitter and reddit.com. This allows us to make the starting
and ending time more precise and to add more tickers to the sample. Further
details and a table with the resulting restrictions for the second approach are
reported in Section IV.B of the Internet Appendix.

To identify the effect of restrictions on the retail trading share, we estimate
the panel regression

SLIM Sharei,t =
∑

j

β jD(Broker j restricted) j,i,t + γ ′Xi,t + αi,d + μtod + εi,t . (3)

In the equation above, SLIM Sharei,t is the share of SLIM volume in the total
volume of trading in options on stock i in minute t, and D(Broker j restricted) j,i,t
is a dummy variable equal to one if broker j had a trading restriction on stock
i in minute t. Since outages affect trading in all stocks on a broker platform,
D(Broker j restricted) j,i,t equal one for all i if broker j experiences an outage in
minute t. Vector Xi,t is a set of additional stock-level controls such as the loga-
rithm of total trading volume and the logarithm of stock price two days before
minute t, as well as the change in log volume and log price from one day be-
fore minute t to minute t − 1. Ticker by date fixed effects are given by αi,d, and
time-of-the-day fixed effects by μtod.27 We cluster standard errors by ticker and
minute. We report estimation results with and without controls Xi,t , and our
results are not sensitive to the exact definition of these controls. When estimat-
ing specification (3), we include only days when at least one outage occurred,
but results are very similar if all days are included. In contrast, ticker-specific
restrictions concentrated in January to March 2021, so we restrict the sample
to 30 days before the start of the first restriction and 30 days after the end
of the last restriction, although the results do not change if we use narrower
estimation windows.

Table IV reports the estimation results. Consistent with SLIM picking up
retail trades, we find that SLIM Share in a ticker is significantly lower in the
minute when broker restrictions are in place, both statistically and econom-
ically. Columns (1) to (2) reveal that when the largest retail brokers in op-
tions experience outages, SLIM Share is 0.72 to 0.81 percentage points lower
in stocks and ETFs most popular with retail investors. When ticker-level re-
strictions are considered, the magnitudes are even larger. Column (3) shows
that SLIM Share is up to 4.3 percentage points lower when Robinhood restricts
trading, 2 percentage points lower when TD Ameritrade or Charles Schwab re-
strict trading, and 6 percentage points lower when trading is restricted for all
of them. This corresponds to a 27% drop relative to the average SLIM Share in

27 When using ticker-level restrictions, we are only able to include αi with αd, or ticker and
date fixed effects, because of limited intraday variation in the restrictions imposed by TD Ameri-
trade. Using minute fixed effects instead of time-of-the-day fixed effects for ticker-level restrictions
produces similar results.
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Table IV
Trading Restrictions and Retail Trading in Options

This table reports results of estimating (3) in a minute-ticker panel. Columns (1) and (2) use out-
ages as restrictions, columns (3) and (4) use ticker-level restrictions from Jones, Reed, and Waller
(2021), and columns (5) and (6) use ticker-level restrictions from our sample. D(RH restricted)i,t
equal one if trading in stock i was restricted by Robinhood in minute t, and zero otherwise.
D(TD restricted)i,t equal one if trading in stock i was restricted by TD Ameritrade or Charles
Schwab (from October 2020) in minute t, and zero otherwise. D(Both restricted)i,t equal one if
trading in stock i was restricted by both Robinhood and TD Ameritrade/Charles Schwab in minute
t, and zero otherwise. SLIM Share is the ticker-level volume share of SLIM trades. Option volume,
lagged, is the two-day lag of the logarithm of the total options volume. Underlying price, lagged, is
the two-day lag of the logarithm of underlying price in dollars. Option volume change is the change
in log total options volume from one day before minute t to minute t − 1. Underlying price change
is the change in log underlying price from one day before minute t to minute t − 1. In columns (1)
and (2), the sample includes the top 100 most-mentioned tickers on WallStreetBets (100 WSB). In
columns (3) to (6), we augment that with the restricted tickers. t-statistics are based on standard
errors clustered by ticker and minute (in parentheses). *** p < 0.01, ** p < 0.05, and * p < 0.1.

SLIM Share

Outages Restrictions of Jones, Reed,
and Waller (2021)

Refined Restrictions

(1) (2) (3) (4) (5) (6)

D(RH restricted) 0.083 0.201 −4.258* −3.713 −2.993** −2.879
(0.56) (1.32) (−1.96) (−1.64) (−2.56) (−1.63)

D(TD restricted) −0.260** −0.180* −2.175*** −2.468*** −2.298*** −2.134***

(−2.58) (−1.80) (−2.99) (−2.76) (−4.00) (−3.81)
D(Both restricted) −0.809*** −0.722*** −5.925*** −3.396** −5.953*** −4.236***

(−2.97) (−2.89) (−3.07) (−2.45) (−3.62) (−3.38)
Option volume, lagged −0.007 −0.047 0.008

(−0.45) (−0.80) (0.13)
Underlying price, lagged 0.759 −3.254*** −3.161***

(0.77) (−3.36) (−4.52)
Option volume change −0.284*** −0.491*** −0.328***

(−10.68) (−10.73) (−11.08)
Underlying price change 2.431** −2.433* −1.988**

(2.42) (−1.66) (−2.09)
Observations 4,048,647 3,490,708 2,590,917 2,213,626 3,212,667 2,707,402
Adjusted R2 0.103 0.108 0.110 0.117 0.100 0.104
Fixed effects Ticker*Date and Time of

day
Ticker, Date, Time of day

Sample 100 WSB Restricted + 100 WSB

affected tickers. Volume and price controls do not significantly change the esti-
mates.28 In columns (5) and (6), we use a refined sample of restrictions and find
the same pattern and magnitude of the effects as those reported in columns
(3) and (4) (with more precise estimates). Furthermore, in Table IA.XX in the
Internet Appendix, we show that the magnitudes estimated in Table IV are

28 Ticker-level restrictions and especially outages are likely to be exogenous to ticker-level retail
trading shares. We include the recent stock price and trading volume changes as well as their
lagged values to ensure that the estimates are stable.
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even larger for SLIM trades below $20,000 in size, which are more likely to
originate from retail investors.

Earlier in this section, we acknowledge that our measure includes some false
positives, that is, institutional trades. We can use the magnitudes of the reduc-
tion in SLIM trading revealed by Table IV to back out the fraction of genuinely
retail transactions in our measure. The average SLIM Share among 100 most-
mentioned stocks on WallStreetBets is 19.7% (per ticker). This implies that
broker outages lead to a relative reduction in trading of 0.809/19.7 = 4.11%,
with a 95% confidence interval of (1.40%, 6.82%). Further assuming that both
TD Ameritrade and Robinhood account for about 20% of retail trading vol-
ume in options29 yields the following back-of-the-envelope estimate for the
average retail share in SLIM: 4.11%/0.2 = 20.5%, with a confidence interval
of (6.98%, 34.08%). These estimates, however, are sensitive to the underlying
assumptions of the model specification, and could be significantly affected by
(i) the fraction of retail investors who have multiple trading apps and could
therefore switch to another one in the event of an outage affecting a partic-
ular platform, and (ii) measurement error in the exact timing of the outage.
Indeed, given our data sources, it is unlikely that we measure the timing of
both outages and ticker-level restrictions with perfect precision. Section IV.D
of the Internet Appendix further illustrates how model misspecification leads
to an attenuation bias in the estimate of the retail share in SLIM. For example,
assuming a 50% switching rate among trading app users, and a relative mea-
surement error of 20% in the outage timing (and the same coefficient standard
error), leads to an average estimate of retail share in SLIM of 49.28%, with
a confidence interval of (22.18%, 76.38%). With a relative measurement error
of 50%, the average retail share estimate becomes 61.60%, with a confidence
interval of (34.50%, 88.70%), correspondingly. Finally, there is also measure-
ment error in the SLIM Share arising from a sophisticated arbitrage strat-
egy known as dividend play. Benefitting from the growth in retail investor
presence, it has become so popular during our sample period that it dramat-
ically inflates overall trading volume and reduces SLIM share in particular
retail-popular tickers when it occurs (see Bryzgalova, Pavlova, and Sikorskaya
(2022)).

For ticker-level restrictions, our baseline is the sample of restricted stocks
augmented with the sample of stocks with the top 100 number of mentions
on WallStreetBets during the sample period. In Internet Appendix Table
IA.XXII, we also report results for two alternative samples: the sample of re-
stricted stocks only and the baseline sample augmented with stocks with at
least two retail herding events (frenzies) in the data of Barber et al. (2022).30

We deem stocks in the baseline sample to be most comparable to each other,
although the estimates are stable across the samples.

29 See the CBOE Insight report “Option Flow 2021 - Retail Rising,” available at https://www.
cboe.com/insights/posts/option-flow-2021-retail-rising/.

30 We thank Brad Barber for kindly sharing data on herding events.
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E. Alternative Measures of Retail Trading in Options

Our measure provides the first comprehensive classification of retail trades
in the options market. Nevertheless, as we show in this section, it captures
only a fraction, albeit a sizeable one, of retail trading. Moreover, one may be
concerned with the selection into price improvement auctions as opposed to
other ways of executing retail orders. To address these concerns, we propose
alternative measures of retail trading in options and compare their character-
istics to those of SLIM trades. We argue that our findings extend to these more
general proxies of retail participation.

We start by considering several alternative measures of retail trading in
options. The first measure, also proposed by Ernst and Spatt (2022), takes ad-
vantage of another way to “internalize” retail orders, facilitated by exchanges.
If an order is routed to a market maker who is a Designated/Primary market
maker (formerly a specialist) in a ticker and it currently quotes at the NBBO,
this market maker has priority to execute, at NBBO, any order of five contracts
or fewer in full.31 That is, the Designated market maker can effectively inter-
nalize these orders. There are 16 options exchanges in the United States, and
for most tickers, a wholesaler can route a retail order of up to five contracts to
an exchange in which it is a Designated market maker in that ticker. Our em-
pirical proxy for these trades is single-leg electronic trades (OPRA trade type
“AUTO”) of five contracts or fewer, priced at NBBO. Together with SLIM, these
trades form our All Internalized measure.

What fraction of retail trading volume do SLIM and All Internalized mea-
sures capture? To answer this question, we present a back-of-the-envelope
calculation of the wholesaler-intermediated trading volume using Rule 606
(PFOF) disclosures from the brokers in our sample. Specifically, we divide the
total monthly dollar PFOF from Rule 606 reports for each order category—
market, marketable limit, nonmarketable limit, and other orders—by an aver-
age PFOF per contract in that category, which yields the PFOF-implied trad-
ing volume.32 The estimates of the Rule 606 implied trading volume and their
splits by order type are presented in Table V. The total Rule 606 implied trad-
ing volume computed in column (1) of Table V establishes a useful estimate of
the volume of the wholesaler-intermediated retail transactions. Retail trading
accounts for 62.6% of the total market volume. There is no estimate of retail
volume in the literature to compare this number to, yet to us it is striking
that retail investor presence is so high in the market commonly thought to be
dominated by sophisticated and/or institutional traders.

By contrasting columns (2) and (6) of Table V, we conclude that the SLIM
methodology identifies between 58% (June 2021) and 84% (March 2020) of
trading volume from market and marketable limit orders reported in Rule

31 See, for example, https://www.sec.gov/rules/sro/cboeedgx/2018/34-84697-ex5.pdf, paragraph
(g)(2), or https://www.federalregister.gov/documents/2021/05/20/2021-10579/self-regulatory-
organizations-box-exchange-llc-notice-of-filing-and-immediate-effectiveness-of-a#citation-17-
p27492, Rule 7135(c)(2)(iii).

32 We thank the anonymous referee for suggesting this calculation to us.
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606 disclosures. To capture the remaining market and marketable limit orders,
we next consider the expanded measure, or All Internalized trades. Table V
reveals that the All Internalized trading volume exceeds Rule 606 implied
volume originating from market and marketable limit orders. We view this
as evidence that the internalized trading volume includes some volume from
nonmarketable limit orders (from SLIM specifically because the remaining All
Internalized trades are all marketable). Barardehi et al. (2021) argue that in
equity markets, wholesalers find it profitable to internalize a fraction of non-
marketable orders. Since quoted spreads in equities are much tighter than in
options, and since quoted spreads in options are so wide—the average quoted
and effective spreads for SLIM transactions are 13.7% and 6.7%, respectively
(see Table I)—we expect that a fraction of nonmarketable limit orders in op-
tions does get internalized through SLIM.

It is evident from Table V, however, that both the SLIM and All Internalized
methodologies do not pick up all retail trades. The omitted trades are likely to
be nonmarketable limit orders that wholesalers send to the limit order book
on an exchange. We therefore attempt to construct an All Retail measure that
captures additionally transactions originating from nonmarketable orders that
are not captured by SLIM. The literature to date has not offered a reliable
method to classify such trades in the OPRA data, and we therefore propose our
own. We start from the measure of retail trading used in the industry—small
trades (i.e., transactions of up to 10 contracts). As we discuss in Section I.C, the
small trades measure overstates retail presence, and we therefore attempt to
reduce the number of false positives. In our All Retail (small) measure, we in-
clude only a fraction of small trades, namely, single-leg electronic trades under
10 contracts. The latter are our proxy for nonmarketable retail orders sent to
the limit order book. We note that we can identify single-leg electronic trades
accurately using the new OPRA trade flags. By construction, the All Retail
(small) measure includes all of All Internalized transactions.

The new generation of retail options investors is likely to be cash-
constrained. FINRA (2021a) reports that more than twice as many new in-
vestors who opened brokerage accounts in 2020 held account balances less
than $500 (33%) compared to experienced entrants (16%), and more than five
times as many compared to existing account owners (6%). This is why we fol-
low Barber, Odean, and Zhu (2009) and Brandt et al. (2010) and use a $5,000
trade size cutoff as an additional way to define retail trades. In our All Re-
tail (small + cheap) measure, we broaden our All Retail (small) measure by
including “cheap” trades, defined as single-leg electronic transactions of up
to $5,000. Table V shows that All Retail (small) captures 65% of the Rule
606 implied trading volume, while All Retail (small + cheap) captures almost
all of it, sometimes overshooting it.

To examine whether SLIM transactions are similar to those constituting our
broader measures of retail trading, we first compare their descriptive statistics.
In Section E of the Internet Appendix, we provide descriptive statistics for All
Internalized and All Retail measures and show that they are generally in line
with those for SLIM trades, reported in Table I (also reported in Tables IA.VII
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and IA.VIII in the Internet Appendix). Specifically, they also demonstrate a
strong investor preference for ultra short-term (weekly) options and for calls
over puts. In terms of trade direction, All Internalized and All Retail (small)
measures also show that investors write more options than they buy, although
the difference is small and reverses for the All Retail (small + cheap) measure.

We next conduct validation tests, described in Section I.D, in which we seek
to check whether All Internalized and both All Retail measures drop during
outages experienced by the two largest U.S. retail brokerages. Table IA.XXIX
in the Internet Appendix confirms that this is indeed the case. The results are
strong for the All Internalized measure. They weaken for our broader mea-
sures, All Retail (small) and All Retail (small + cheap). This is to be expected.
As we expand the retail trading measures by including more transactions, we
inevitably make them noisier. The significance of the coefficients therefore re-
duces relative to those reported in Table IV. Yet, the coefficients on the dummy
variables for TD Ameritrade’s and both brokers’ outages remain consistently
negative, even for our broadest measures. Similarly to SLIM, they all fall by
around 1 percentage point.

We obtain similar results for a validation test involving trading restric-
tions imposed by retail brokerages on a number of tickers that are popular
with retail investors. Specifically, we estimate regression (3) using our broader
measures of retail trading in options rather than SLIM. Table IA.XXX in the
Internet Appendix reports the results. Similar to SLIM, all the measures of
retail trading are more than 6 percentage points lower when broker restric-
tions are in place. We find mostly negative but insignificant reductions in retail
share under TD Ameritrade restrictions, although the coefficients on D(TD re-
stricted) are not significantly different from those for SLIM. The results are
similar irrespective of the chosen sample of tickers (see Tables IA.XXXI and
IA.XXXII in the Internet Appendix).

Finally, we look at comovement of our All Internalized and All Retail mea-
sures with established retail investor popularity indicators. The results are
reported in Tables IA.XXXIII, IA.XXXIV, and IA.XXXV in the Internet Ap-
pendix, which are the analogs of Table III for SLIM. Panels A of the tables
show that our broader measures are, like SLIM, mostly positively correlated
with measures of retail activity, such as Small Share, internalized volume in
equities, Robinhood breadth of ownership, and WallStreetBets mentions. As
evident from Panel B, imbalances in our All Internalized and All Retail mea-
sures, for the most part, are also positively correlated with the measures of
retail activity. We attribute the weakening of these results relative to their
analogs for SLIM to the fact that our broader proxies for retail trading—All
Internalized, All Retail (small), and All Retail (small + cheap)—are noisier
measures of retail trading than SLIM.

Overall, our alternative measures of retail trading are consistent with what
we find for SLIM. Yet, the evidence in favor of them representing a clean cross-
section of retail transactions is weaker. To date, there is no reliable identifi-
cation method for nonmarketable retail orders submitted to the limit order
book. Our main concern with the broader measures we propose above is that,
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while they include limit orders of retail investors, they contain false positives
as well. In particular, they may include institutional trades of smaller sizes.
Fortunately, OPRA trade flags can help detect some institutional orders broken
into smaller trades by execution algorithms, such as the ISO flag we discussed
in Section I.C above and Section I.F of the Internet Appendix. However, other
split orders are likely to appear in our data under the plain-vanilla flags such
as single-leg electronic trades. Furthermore, our measures likely pick up gen-
uine small trades of professional or semiprofessional investors, such as those
we see in index options. In the analysis that follows, to reduce false positives,
we stick to our SLIM methodology for identifying retail transactions.

II. Aggregate Performance of Retail Investors in the U.S. Options
Market

In this section, we examine the aggregate performance of retail investors in
the U.S. options market. We document that investors lose money after transac-
tion costs, with most of the losses concentrating in long positions in short-term
options. Finally, we show that call imbalances in SLIM trading positively pre-
dict next-day returns on the underlying stocks.

A. Dollar Performance of SLIM Trades

We compute dollar performance of each retail trade j over the horizon of h
days,

$Per fh j = Directionj × Size j × 100 × (Price j,t+h − Price j,t ), (4)

where Size j is the size of the trade in contracts,33 Price j,t+h is the price of the
traded contract at t + h, Price j,t is the price of the traded contract at t,34 and
Directionj is the trade direction sign: 1 for buy trades and −1 for sell trades.
We consider horizons h of one, two, five, and 10 days, as well as intraday and
until the contract expiration.35 We also report the intraday performance, which
is until the close of the trade day.

We evaluate the contribution of gross performance and transaction
costs separately. To compute gross performance, we use midpoint prices:
Trade midquote j,t , or the bid-ask midquote at the time of the trade, for Price j,t
and Close midquote j,t+h, or the close midquote of the traded contract on day
t + h as reported by OptionMetrics, for Price j,t+h. To compute net performance,

33 We winsorize trade sizes as in our earlier analysis at the 99.5th percentile each day. Results
are not sensitive to the winsorization.

34 In the reported results, we apply price adjustment factors related to corporate actions such
as stock splits. Results are very similar, especially for shorter holding horizons, if we ignore the
adjustment factors.

35 We use the last available price when the data for a certain horizon are not available. Note
that at the time of writing, the OptionMetrics data ran only up to December 31, 2021. We therefore
exclude contracts expiring after that date.
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we assume that all transaction costs are paid when the trade is open, so we
use the actual trade price for Price j,t and Close midquote j,t+h for Price j,t+h. We
do not explicitly consider trading costs paid as investors close their positions
because some of them are held to expiration. In Section I, we show that retail
investors in our sample prefer ultra short-term options, and thus it is likely
that many of them are held to expiration. By ignoring trading costs at the end
of the performance evaluation horizon, we provide an upper bound for investor
net performance.

We aggregate the trade-level performance defined in equation (4) into the to-
tal retail portfolio and report its daily average dollar performance in Table VI
(Panel A). We also compute the performance of the buy and sell portfolios sep-
arately (Panel B) by summing up the dollar performance of trades with the
implied buy and sell direction, correspondingly. These calculations are consis-
tent with the buy, sell, and buy-minus-sell portfolio performance calculations
in Barber et al. (2009). We also report performance of trades aggregated over
several dimensions specific to options such as contract type (call retail portfolio
versus put retail portfolio), moneyness, and time to expiration.

Table VI summarizes the daily mean performance of retail investor options
trades. Even though performance before transaction costs of the buy-minus-
sell portfolio in Panel A is positive across horizons, ranging from $10.4 to $12.9
million per day, adding the observed transaction costs makes it significantly
negative, between −$5.0 and −$1.6 million per day.

The literature has documented that option writing strategies generally de-
liver positive average returns and large CAPM alphas (see, e.g., Broadie, Cher-
nov, and Johannes (2009) and references therein for a recent study and Jagan-
nathan and Korajczyk (1986) for an earlier contribution). Consistent with this
result, the average gross performance of the sell portfolio in our sample is pos-
itive.36 The average performance of the sell portfolio is positive even net of the
observed transaction costs, although, with the exception of intraday perfor-
mance, not statistically different from zero. On the other hand, the buy portfo-
lio incurs losses on average, even on a gross basis. Directionally, this is exactly
what one would expect from the theta exposure: Because a long option position
loses its value as time passes, buy (sell) trades should have negative (positive)
performance, on average.

Table IA.XXXVI in the Internet Appendix reports the aggregate perfor-
mance between November 2019 and June 2021. Under the assumption of
a 10-day holding period, retail investors lost $2.10 billion on their options
trades. Similar to the mean daily results in Table VI, the aggregate losses

36 We find the opposite for performance to expiration: Investors lose on their short positions and
gain on their long positions. This sign flip is driven mostly by large price movements affecting
contracts expiring in 3–12 months (see Table IA.XLI in the Internet Appendix, which decomposes
performance by contract type, time to expiration, and trade direction). This is consistent with
Broadie, Chernov, and Johannes (2009), who find that options returns might be strongly skewed
in small samples and recommend studying delta-hedged returns instead. Accordingly, we find no
sign flip in delta- and fully hedged reported performance in Section VI.I of the Internet Appendix.
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were concentrated in buy trades, at-the-money contracts, call contracts, and
in contracts with less than a week to expiration.

In Table IA.XXXVII in the Internet Appendix, we report the overall trade
performance by month and day of the week. Retail investor losses are not con-
centrated in any particular month, while January 2021, February 2021, and
December 2020 are the worst months in our sample, corresponding to losses of
$672, $358, and $321 million, respectively (using net performance at a 10-day
horizon). The same table reveals that, on average, investor performance seems
to be lower when the holding period includes the end of the week.

Table IA.XXXVIII in the Internet Appendix reveals the top and bottom
10 tickers, based on the aggregate net performance of trades originated by
retail customers and those of the whole market. Similar to the latter, retail
investors realized a gain on such large-cap names as Nvidia (NVDA), Apple
(AAPL), and Moderna (MRNA). Interestingly, however, in contrast to the mar-
ket, they lost on trading in “meme” stocks, such as GameStop (GME) and AMC
Entertainment (AMC), and on some popular mega-cap names such as Tesla
(TSLA) and Amazon (AMZN). In general, 100 most retail-popular companies
as measured by their mentions on the WallStreetBets forum account for more
than 50% of investor losses in our sample (see Table IA.XXXIX in the Internet
Appendix).

To better understand the sources of retail performance in options, we pro-
vide a more granular decomposition by contract type, trade direction, and
time to expiration in Section VI.E of the Internet Appendix. We document
that investor losses are concentrated primarily in long positions in short-term
(weekly) options, both calls and puts. In contrast, investors who wrote those
options made money, even on a net basis. This observation suggests that there
are potentially two distinct groups of retail options traders: (i) those who buy
short-term (weekly) options and lose money and (ii) those who sell these op-
tions and earn a premium most of the time.

The dollar performance measure, considered so far, is our preferred perfor-
mance indicator because it reveals where the aggregate retail losses come from
and also allows us to compare performance in the types of contracts SLIM
investors prefer trading, or in other words, where most of SLIM trading vol-
ume is.

B. Profitability of SLIM Trades

To compare profitability of SLIM trades relative to that of our broader
proxies for retail trading, All Internalized and All Retail, which include more
trades, we need to appropriately scale the dollar performance measure. We
therefore compute per-dollar performance of retail trades, that is, investor
returns or profitability of their trades. As noted in Barber et al. (2009), such
a measure would be artificially high if high dollar performance was earned
on days with low trading volume. We proceed with this caveat in mind and
compute two measures of mean daily profitability: with and without leverage.
Our measure of profitability with leverage ignores any collateral/margin
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requirements that investors may face on the options they write, that is, it is
as options textbooks would define it. Short positions can be netted against
long. Formally, the daily gross/net profitability with leverage is computed as
the daily gross/net performance of a portfolio at a given horizon divided by the
absolute value of the net position of that portfolio (total purchased minus total
sold). Our measure without leverage follows that in Barber et al. (2009) and
assumes that each short position requires the investor to deposit the entire
proceeds from shorting as collateral, which earns zero interest. Under this
definition, no netting is allowed and even a fully hedged short option position
requires the same collateral as a naked one. Formally, the daily gross/net
profitability without leverage is computed as the daily gross/net performance
of a portfolio at a given horizon divided by the absolute value of daily dollar
trading volume in that portfolio.

We view the definitions of profitability above as two extremes. It is clearly
not possible for a retail investor’s portfolio to have unlimited leverage, which
the first definition implicitly permits. At the same time, the second definition
could be too conservative. For example, covered calls are common retail in-
vestor strategies, which were already popular in the 1990s (see Lakonishok
et al. (2007)) and are viewed by the new generation of retail investors as a
way to earn extra income for a user who is “holding the underlying anyway”
(see Section VI.H of the Internet Appendix for more evidence from investor
forums). Retail brokers would net the option position from the position in the
underlying and deposit the proceeds from selling a covered call option at the
time of the sale.

Tables IA.XLII and IA.XLIII in the Internet Appendix present retail trades
profitability under both definitions. Under the first definition that permits
leverage, investors’ returns over any horizon are hugely volatile and large in
absolute value (Table IA.XLII). The magnitudes of mean daily returns range
from −284% to 488% for gross profitability and from −177% to −23% for net
profitability over the same return horizons that we have assumed for dollar
performance. These return patterns are consistent with the literature. For ex-
ample, Broadie, Chernov, and Johannes (2009) argue that because options em-
bed leverage and have highly nonlinear payoffs, standard statistics applied
to options portfolios look rather extreme. We find that gross profitability is
positive and significant at the intraday and expiration horizons and is statis-
tically indistinguishable from zero for the other horizons. Net profitability is
also highly negative and significant for horizons of up to two days and then
becomes indistinguishable from zero.

Under the assumption of no leverage, SLIM investors lose between 28 and
40 cents per 100 dollars of trading over the same return horizons that we have
assumed for dollar performance (Table IA.XLIII), while net profitability to ex-
piration is a positive 37 bps, yet not statistically different from zero. If we
consider portfolios by trade and contract features, net profitability is mostly
indistinguishable from zero. A notable exception is the portfolio of contracts
with less than a week to expiration, which incurs significant losses at all hold-
ing periods.
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Retail Trading in Options and the Rise of the Big Three Wholesalers 37

The differences between the results delivered by the two definitions are
quite drastic. It seems to us that the definition without leverage is perhaps
too conservative for an options portfolio and actual investor portfolio returns
are closer to those in the definition with leverage (although they would not be
so extreme, given that in reality retail brokerage platforms do impose some
margin/collateral requirements).

One important limitation of our performance calculation is that, as we have
remarked earlier, SLIM captures primarily market and marketable limit or-
ders and leaves out the majority of nonmarketable limit orders. By using
liquidity-demanding marketable orders as our proxy for retail orders, we are
biasing our sample toward costlier transactions and hence are potentially over-
estimating the extent of investor losses. We acknowledge this concern and
attempt to address it by comparing the profitability of SLIM trades to that
of broader measures of retail trading that we introduced in Section I.E. To
compare profitability of SLIM trades to that of All Internalized and All Retail
trades, we adopt the profitability definition that involves leverage, as it deliv-
ers options returns that are more consistent with the literature. Table IA.XLIV
in the Internet Appendix reports the results of the difference in means tests of
daily net profitability of each of our broader measures and that of SLIM. It is
clear from the tables that profitability of All Internalized and both All Retail
trades is not statistically different from that of SLIM trades at the 1% level.
This evidence lends additional support to the claim that our SLIM measure of
retail trading is similar to the alternative, albeit noisier, proxies.

C. Trading Costs and Other Drivers of Underperformance

In our data, we do not observe stock holdings of investors, and they may
possibly be engaging in strategies involving both options and the underlying
stocks. For example, they may fully hedge their short options positions due
to the restrictions on naked short positions typically imposed by brokerages.
By full hedging, we mean delta-hedging with hedge ratio equal to one at all
times. Furthermore, from statistical viewpoint, options returns are quite ex-
treme and standard statistics computed based on raw returns in finite sam-
ples are problematic, while those based on delta-hedged returns are more in-
formative (see Broadie, Chernov, and Johannes (2009), Zhan et al. (2022), and
references therein). In Section VI.I of the Internet Appendix, we compute fully
hedged and delta-hedged performance of SLIM trades in our sample. Tables
IA.XLV and IA.XLVI, which are analogous to Table VI, summarize our results
for those two performance measures and demonstrate that they both deliver
similar results to our baseline results. The main exception is that the perfor-
mance of the buy and sell portfolios, which now contain a stock leg, is more
extreme than in our baseline analysis. We attribute this to the run-up in the
stock market during our sample period. As a robustness check, we compute
market-adjusted performance instead, and the performance of both the buy
and sell portfolios is much more in line with that in Table VI. As for aggregate
dollar performance, if all SLIM investors were delta-hedged (fully hedged),
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their 10-day net performance in our sample would have been −$2.2 billion
(−$4.5 billion).

Regardless of the chosen measure of performance, the losses in short-term
options contracts are significant and contribute the most to aggregate retail
performance. We therefore study retail performance in these contracts in a
multivariate setup. In Section VI.J of the Internet Appendix, we estimate re-
gressions similar to specification (2) in Section I.C but with SLIM performance
as a dependent variable. We find that, even conditional on ticker and contract
characteristics, retail investors who buy the short-term contracts are likely to
experience losses. Equity-based retail activity proxies are positively associated
with performance, but only on a gross basis: They turn negative and mostly
insignificant as soon as trading costs are taken into account. Finally, our esti-
mates also suggest that contracts with a larger retail presence, as measured
by SLIM Share, have negative net performance on average.

Our analysis thus far has not taken direct transaction costs into account.
Some of the brokerages in our sample, such as Robinhood, offer commission-
free options trading. However, the majority of brokerages still charge around
$0.65 per contract.37 Using the fraction of PFOF in options paid to Robinhood
as the upper bound of their share in the retail options trading (the share based
on Rule 606 implied trading volume is very similar), we can estimate the ag-
gregate direct transaction costs paid by retail investors. Using 1.93 million con-
tracts as the aggregate SLIM volume and 25% as Robinhood’s average share
in PFOF for options, the direct transaction costs of retail trades in our sample
period amount to $0.65 ×1.82 × 106 × 0.75 ≈ $887 million.

Even though indirect transaction costs are already included in the net per-
formance figures we report, we find it useful to highlight their total value
in our sample. It is computed by summing up the products of effective half-
spread and trade size across all SLIM trades, resulting in around $6.4 bil-
lion.38 These costs are not as transparent as brokerage fees and are likely
to be overlooked by retail investors. Furthermore, they become revenue for
market makers and exchanges executing retail orders (rather than for retail
brokerages). These costs are economically large, almost seven times the direct
costs of retail trading. Our calculation approach captures the actual gains and
losses of retail trading and does not require any assumptions regarding their
opportunity costs.

One limitation of our data is that some trades might come from multileg
strategies involving options as well as underlying equities (e.g., a covered call),
and we do not observe equity legs of these transactions. However, since the
retail investor boom in our sample is driven largely by novice investors, we
believe that only a small fraction of them uses such sophisticated strategies.

37 As of March 2022, TD Ameritrade, Charles Schwab, E*TRADE, and Fidelity all charge $0.65
per contract, according to their websites. Some of the brokers provide commission discounts for
frequent traders or for large transactions. However, given the stylized features of retail trading
highlighted in Table I, these discounts are unlikely to have a material impact on our estimates.

38 To put this number into perspective, the total PFOF in options in our sample is around
$2.8 billion.
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It should therefore have little impact on our aggregate retail performance
estimates.

The literature has suggested that investors may learn through trading (see,
e.g., Seru, Shumway, and Stoffman (2010) and Linnainmaa (2011)). We use
the results presented in Table IA.XXXVII in the Internet Appendix to study
whether retail investor performance in the later part of the sample is better
than in the earlier part. We find that, on the contrary, retail investors lost more
money in the later subsample, especially in January and February of 2021,
around the GameStop frenzy. This could happen if retail investors do not learn
from their trading experience.39 A more likely explanation, however, is the
changing composition of the investor base. While some of the poor-performing
early investors could have exited the sample, it seems that their attrition was
more than compensated by the entry of new retail investors in later months.
After all, in 2021 alone, the account base of Robinhood almost doubled, increas-
ing from 11.7 to 21.3 million, according to the company’s quarterly reports.

D. SLIM Trading and Stock Return Predictability

Recent findings on retail investor frenzies during the pandemic indicate that
retail order imbalances in equities positively predict next-day returns (see
Jones, Zhang, and Zhang (2022)). Yet, no study evaluates the spillover of retail
trading in options on the returns of the underlying. At the same time, a large
and growing literature documents that information contained in option returns
has predictive power for the dynamics of the underlying assets, typically by
reflecting informed trading or due to the relaxation of leverage constraints
(see Pan and Poteshman (2006), Cremers and Weinbaum (2010), Xing, Zhang,
and Zhao (2010), An et al. (2014), Ge, Lin, and Pearson (2016), Augustin, Bren-
ner, and Subrahmanyam (2019), Weinbaum et al. (2023)). Is SLIM trading in-
dicative of the future returns on the underlying stocks? Since our sample of
data are fairly short, to answer this question, we focus on the daily predictabil-
ity of stock returns driven by SLIM trade imbalances.

Table VII reports the predictability of daily stock returns by SLIM Imbal-
ance in call and put options estimated via panel regressions with fixed effects
and double-clustered standard errors (by ticker and date). We consider several
versions of the key independent variable: the level of SLIM Imbalance, its in-
novation relative to the previous day, computed as the change in SLIM Imbal-
ance over two days with available imbalances, and the ticker-specific quantile
relative to its levels over the previous trading month. The latter proxy allows
us to better reflect the level of the previous day’s SLIM Imbalance compared
to the overall directional retail trading over the recent period. All of our spec-
ifications also control for the options trading volume, implied volatility, the

39 Prior studies also suggest that investors learn worse after experiencing financial losses, in
active trading (relative to observing other people decisions), and when they are emotionally in-
volved in decision making. See Kuhnen (2015) and references therein. It would be interesting to
extend our data and test these potential mechanisms for the performance of the new generation of
retail investors.
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Retail Trading in Options and the Rise of the Big Three Wholesalers 41

market capitalization of the stock, as well as the contemporaneous market re-
turn. We also include Amihud (2002) liquidity measure because of the short
prediction horizon.

All of the specifications in Table VII indicate that a higher SLIM Imbalance
in calls tends to forecast a higher return, and a higher SLIM Imbalance in puts
tends to forecast a lower return on the underlying stock over the next trading
day. While this effect is present for both levels and innovations in SLIM Im-
balance, it is particularly pronounced for the monthly quantile of SLIM Imbal-
ance. We see no significant impact of the order imbalance on weekly or monthly
returns, although the signs of the coefficients remain the same. Either this pre-
dictability is very short-lived or it could be due to the low statistical power of
the tests, given a relatively short sample.

There are several channels through which volume imbalance in options
could impact the returns of the underlying stocks: hedging demand by whole-
salers and/or intermediaries, the relaxation of short-selling constraints, and
the reflection of informed trading by retail investors. Given the short-term na-
ture of predictability, its sign for call and put imbalances, and all of our other
findings regarding SLIM behavior and performance in Sections II and III, this
predictability relationship seems to be more in line with the price pressure
caused by the hedging demand of the intermediaries servicing retail order flow.

III. Additional Support for SLIM as a Measure of Retail Trading

In this section, we offer additional suggestive evidence that our measure
captures retail trading in the U.S. options market and discuss remaining
limitations.

A. SLIM Trading on Option Expiration Days

First, we exploit the fact that some U.S. retail brokerages handle expiring op-
tions on their clients’ accounts in a rule-based manner. For example, Robinhood
attempts to exercise in-the-money options (if the account has enough buying
power) or sells the contract approximately one hour before the market close
(if it does not).40 This gives us a testable prediction for our measure of retail
trading in contracts on their expiration day: We expect to see an imbalance
in the direction of sell trades in the last one or two trading hours of the day.
To test this prediction, we study volume share of buy and sell trades in each
trading hour on option expiration day.

On expiration days, as Table IA.XLIX in the Internet Appendix reports, there
is significantly larger sell volume share in SLIM trades in the last two hours of
the trading day. Notably, this pattern does not emerge on nonexpiration days.
These features of SLIM trades are consistent with retail brokerages taking
an automated action to close retail positions prior to the option’s expiration. At

40 See Robinhood’s rules here: https://robinhood.com/us/en/support/articles/expiration-exercise-
and-assignment/ accessed on March 21, 2022.
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the same time, there is no pattern like this for MLIM trades and other multileg
trades, which are more likely to be institutional. We test these differences more
formally in Table IA.L and find them to be highly statistically significant.

B. SLIM Trading during Robinhood Herding Events

Second, we study directional order imbalances across trade types during the
Robinhood herding events (frenzies) uncovered in Barber et al. (2022). In par-
ticular, we estimate equation (2) using a dummy for the Robinhood herding
event in ticker i on date t instead of Retaili,t . This analysis is performed on a
subsample of our data (November 4, 2019, to August 10, 2020) due to avail-
ability of Robintrack data with which the investor frenzies are identified.

Table IA.LI in the Internet Appendix documents higher SLIM Imbalance
during Robinhood herding events. We also find that the correlation is the
highest for SLIM trades sized below $250. Importantly, imbalances in mul-
tileg price improvement auctions (MLIM), all multileg and large trades are
not positively related to frenzies. Our results even show negative correlations,
suggesting that other types of investors, most likely professional traders or in-
stitutions, trade against retail investors during such events. Overall, we docu-
ment that during the well-publicized investor frenzies, there were directional
order imbalances in retail trading in options as well.

C. SLIM Trading around Stock Splits

As we discuss earlier, the new generation of retail options investors is also
more likely to be cash-constrained. Micro SLIM trades (below $250) should
therefore reflect the activity of cash-constrained investors, and we expect to
see large changes in trading volume in these transactions around stock splits.41

Note that stock splits should have minimal effect on investor positions in the
underlying, because trading fractional shares is permitted on most popular
investment platforms during our sample period. In contrast, stock splits may
still affect retail investors in options because trading fractional options con-
tracts is not permitted. We perform a simple event study, reported in Sec-
tion VII.C of the Internet Appendix, where we focus on two companies pop-
ular with retail investors—Apple (AAPL) and Tesla (TSLA)—that executed
stock splits on the same day, August 28, 2020. We find that microsized SLIM
trading volume on these two names went up significantly relative to a con-
trol group of companies popular with retail investors that did not go through
a stock split. Figure IA.6 in the Internet Appendix also documents that the
distribution of trade dollar sizes within SLIM trades changes after the split,
consistent with the presence of cash constraints: After the split, we see a sig-
nificantly larger share of trades of smaller sizes, corresponding to an increase
in the skewness of trade size distribution of 48% and 73% for AAPL and TSLA,
respectively. In Section VII.C of the Internet Appendix, we also consider all

41 We thank Yang Liu for suggesting this test.
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Retail Trading in Options and the Rise of the Big Three Wholesalers 43

stocks splits in our sample period and document that an increase in micro
SLIM volume is positively related to the size of the split. In this full sample of
splits, we find similar changes in the distribution of SLIM trade sizes after the
event as for AAPL and TSLA. All of this evidence strongly suggests that SLIM
trades, especially of microsizes, are likely to be originated by cash-constrained
investors.

D. Suboptimal Exercise by SLIM Investors

In our last validation exercise, we show that SLIM investors are less likely
to exercise their options optimally.42

We rely on the Black-Scholes-Merton option pricing formula to determine
whether it is optimal to exercise a call option early, before the underlying
goes ex-dividend. Denote the expected ex-dividend price of an option by cex, its
strike by K, and the current (cum-dividend) underlying stock price by S. The
expected option ex-dividend price represents the expected time value of the op-
tion. The variable early exercise value (EEV) is therefore the difference between
the current stock price, strike, and this expected time value of the option: S −
K − cex. Details on the computation of cex are in Section VII.D of the Internet
Appendix.

In the following analyses, we restrict our sample to call option contracts that
are optimal to exercise on cum-dates and refer to the resulting sample as the
early exercise sample. Details on its construction are provided in Section VII.E
of the Internet Appendix, and Table IA.LIII in the Internet Appendix presents
descriptive statistics.

Let t − 1 denote the day before the last cum-dividend date and let OIt−1 be
OI on that date (measured after all trades, exercises, and assignments on that
date). To test the hypothesis that retail investor presence increases the fraction
of OI remaining (suboptimally) unexercised, we run the regression

fc,t = β shareSLIM
c,t + γ ′Xc,t + αi,t + εc,t, (5)

where ft ≡ OIt/OIt−1 is the fraction of OI remaining unexercised, and
shareSLIM

c,t is the average dollar volume share of SLIM trades over one trading
week before the last cum-dividend date t, which captures interest of retail in-
vestors. In some specifications, we also use Small Share (sharesmall

c,t ) and ticker-
level measures of retail investor popularity such as Internalized volume in un-
derlying and WSB mentions (log) all computed over one trading week before
date t.43 These measures are defined in the paragraph beneath equation (2).
The vector of controls Xc,t includes the following contract-level variables: log

42 Previous research documents that not all American options are exercised rationally (e.g.,
Poteshman and Serbin (2003)). Focusing on early exercise decisions, Battalio, Figlewski, and Neal
(2020), Cosma et al. (2020), Jensen and Pedersen (2016), and Barraclough and Whaley (2012) show
in more recent data that a fraction of investors still fail to exercise their options optimally.

43 We also explore an alternative specification in which we measure retail trading over two
weeks preceding the last cum-dividend date. Our results are quantitatively similar.
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OI, EEV, log dollar trading volume, relative spread, implied volatility, money-
ness, and days to expiration. Finally, our specification also includes the ticker
by date fixed effects αi,t , as we aim to compare contracts within the same ticker
but with different SLIM Shares.

Table VIII reports results of the regression in (5). We find a strong positive
relationship between retail investor trading, as measured by SLIM Share, and
the fraction of options that were suboptimally not exercised on the last cum-
dividend day. This effect is highly significant regardless of whether we also
include other measures of retail trading such as Small Share, internalized
volume in the underlying, or WSB mentions in the model. A one-standard-
deviation increase in the share of SLIM trades in the contract in the week
preceding the cum-date raises the fraction unexercised by about 1 percentage
point, depending on the specification. This result is robust, and the magnitudes
of the coefficients of interest do not significantly change as we relax the speci-
fication of fixed effects and switch on ticker-level controls instead (see columns
(4) and (5)).

In sum, we conclude that a higher SLIM Share is associated with a higher
fraction of OI left suboptimally unexercised by the ex-dividend date. We also
see that there is no such association for other trade types such as MLIM, all
multileg, and large trades. Table IA.LIV in the Internet Appendix summarizes
these results.

E. Further Limitations of the SLIM Methodology

Finally, we discuss the remaining limitations of using SLIM trades to detect
retail trading in the U.S. options market. First, our methodology likely omits
trades of semiprofessional traders, such as those that do not go through
a wholesaler and instead are sent directly to exchanges (e.g., those origi-
nated on Interactive Brokers) and those that constitute complex strategies
(e.g., bull spreads, straddles, and butterfly spreads). Complex strategies typ-
ically require multileg transactions, and hence wholesalers looking for price
improvement would usually execute them via multileg price improvement
auctions, as opposed to single-leg ones. In the OPRA data, these transac-
tions appear as trade type “MLAN” (multileg non-ISO price improvement
mechanism), and we refer to them as MLIM for consistency. These MLIM
trades correspond to about 4% of total market volume, and they consist
primarily of trades of “protail” investors—small professional investors and
hedge funds—albeit some may be those of retail investors. We also compute
mentions of multileg strategies on WallStreetBets in our sample period and
find that they constitute a small number relative to the mentions of individual
tickers and comments overall. In addition, in Section VII.G of the Internet
Appendix, we report descriptive statistics and cross-sectional correlations of
MLIM with the equity-based measures of retail activity. These results further
demonstrate that these trades are clearly quite different in nature from those
going through single-leg actions. Since we want to capture trading of the new
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generation of retail investors, we are hesitant to include MLIM trades in our
analysis.44

Second, our measure likely includes some false positives. Of the SLIM
volume, 10.8% is concentrated in transactions with over $20,000 in value
(see Table I), which is considered a cutoff for retail trades in related litera-
ture on equities (see, e.g., Lee and Radhakrishna (2000)). We therefore exclude
trades above $20,000 in our robustness checks. Table IA.XVI in the Internet
Appendix confirms that the results are virtually the same. Furthermore, the
validation evidence in Section I.D and above strongly suggest that the majority
of the trades we capture indeed originate from retail investors.

It is reassuring, however, that in independent contemporaneous work, Ernst
and Spatt (2022) rely on the same empirical strategy to classify retail trades
in the options market. Their findings are complementary to ours, as they focus
on order execution quality and market microstructure.

IV. Concluding Remarks

This paper focuses on the recent boom in retail investor trading in options,
driven by young and tech-savvy, yet inexperienced, investors. Exploiting a new
OPRA reporting requirement, we develop a novel measure of retail investor
trading in options and document a rapid rise in retail investor trading in our
sample. We argue that retail investors enter the options market for speculative
reasons. They prefer options with very short maturities, primarily calls. These
contracts have high relative bid-ask spreads, making the options business a
very lucrative one for wholesalers that execute retail order flow. This is further
supported by the ballooning PFOF for options received by retail brokerages.

Our paper calls for more transparency in reporting wholesaler activities in
the options market, consistent with the current requirement by FINRA in eq-
uities. In particular, it would be useful to know how often market makers
affiliated with wholesalers get order allocations through price improvement
auctions. One particularly fruitful avenue for future research is uncovering
the barriers to entry in this market and characterizing the optimal market
structure.

We would not be the first to call for more transparency in trading costs in
zero-commission offers of retail brokerages.45 However, most prior calls were
related to equities. Trading costs in options are orders of magnitude higher,
so a regulatory requirement to disclose these costs to investors would be a
welcome first step.

44 Furthermore, Tables IA.LVII and IA.LVIII in the Internet Appendix demonstrate that
all multileg trades taken together and trades above $50,000 are also clearly different from
SLIM trades.

45 Regulators have long been interested in various aspects of the system of PFOF and, in partic-
ular, whether internalization of orders really provides price improvement for the clients. In 2017,
the SEC found that some of the algorithms used by Citadel Securities to route retail orders did
not seek to obtain the best price on the marketplace, leading to a settlement fee of $22.6 mln (see
https://www.sec.gov/news/pressrelease/2017-11.html).
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Frequent trading produces large order flow and revenue from PFOF for re-
tail investing platforms. Trading assets that are less liquid, such as options,
enhances these profits further. This may create an incentive for retail bro-
kerages to encourage more trading in less liquid asset classes or securities.
Policymakers should be aware of this potential conflict of interest.

An advantage of our retail trading measure is that it allows us to capture
a large swath of retail transactions in the U.S. options market. A disadvan-
tage is that we do not know who is making these transactions. It is there-
fore difficult for us to identify specific behavioral mechanisms driving retail
investor choices. In particular, it would be important to understand whether
ultra short-term options are popular with retail investors because of their pref-
erences for lotteries or because these options are the default choice on the trad-
ing apps. Policy implications of these two theories are very different. If investor
choices are driven by preferences, there is no reason for regulatory interven-
tion. If they are driven by the default choice, however, there could be a case
for intervention because a brokerage may be incentivizing too much churning.
A regulator may engage with brokerages and run a simple controlled experi-
ment in which the default option expiration choice is presented differently to
investors. Naturally, to better understand retail investor strategies, their po-
tential pitfalls, or investor protection policies, it would be ideal to couple our
analysis with account-level data from retail brokerages.

Initial submission: May 16, 2022; Accepted: December 2, 2022
Editors: Stefan Nagel, Philip Bond, Amit Seru, and Wei Xiong
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