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Abstract

Prior studies of retail trading costs focus on stock market orders, largely overlook-
ing the role of limit orders and the boom in retail options trading. We show that
these underexplored factors are critical for assessing overall retail trading costs. First,
non-marketable limit orders account for 39% and 52% of stock and option trades, re-
spectively, in Form 606 reports by retail brokers. Second, using trader-level data on
299,485 option and 607,922 stock retail trades from 2020-2022, we estimate effective
spreads using actual trade direction to average 1.07% for options, much higher than
0.16% for stock trades. But these realized option costs are 60% lower than the 2.77%
conventional effective spreads because retail investors employ limit orders to minimize
trading costs. We observe similar patterns across trader styles and find that execution

performance persists within traders.
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1 Introduction

The recent surge in retail trading has been particularly pronounced in options. Individual
investors account for about half of all option trades according to recent estimates (Bryzgalova,
Pavlova, and Sikorskaya (2022)), and options represent about one-third of total retail trading
volume in a dataset of retail investor trades (Bogousslavsky and Muravyev (2024)). Though
commission-free trading has reduced explicit costs, retail investors still face implicit costs
through the bid-ask spreads. Spreads are especially wide in options markets, often exceeding
several percent (Muravyev and Pearson (2020)). Thus, active investors who routinely cross
these wide spreads could incur large losses.

Despite the practical importance of trading costs for investors, particularly in options
markets, surprisingly little is known about retail investors’ actual costs or execution strate-
gies. The literature has predominantly focused on retail investors’” marketable orders and
largely neglected non-marketable limit orders despite their potential to avoid crossing the
spread.! For example, Bryzgalova et al. (2022) identify option market orders that receive
price improvement via option auctions (SLIM), but their analysis excludes other orders. Sim-
ilarly, Huang, Jorion, and Schwarz (2024) study execution costs across brokers by placing
market orders and acknowledge that “other orders such as marketable and non-marketable

limit orders may be treated differently.”?

We provide estimates of retail trading costs that
reflect all order types and explore how they vary across traders.

Although limit orders typically incur lower costs than market orders (e.g., Harris and Has-
brouck (1996)), conventional wisdom suggests that retail investors rarely employ limit orders
due to execution uncertainty, increased complexity, and monitoring costs. Our analysis of

Form 606 reports challenges this assumption by showing the prevalence of non-marketable

limit orders among retail traders. Form 606 reports require retail brokers to disclose all

IFor brevity, we use “market orders” to refer to market orders and marketable limit orders, and “limit
orders” to refer to nonmarketable limit orders. Market orders are executable upon receipt by the broker
based on the NBBO quote, whereas limit orders are not.

2Similarly, proxies for retail stock trading in TAQ capture a subset of marketable retail trades (Boehmer,
Jones, Zhang, and Zhang (2021) and Barber, Huang, Jorion, Odean, and Schwarz (2023)).



trading in exchange-traded equity securities and listed options at the asset class level. These
reports show that non-marketable limit orders constitute 39% of stock trades and 52% of
option trades over 2020-2022, with remarkable consistency across brokers.® Thus, retail limit
orders are prevalent, especially in options.

We next study how the widespread use of limit orders, missing in prior studies, impacts
trading costs. A trader-level dataset from Bogousslavsky and Muravyev (2024) provides
detailed records of verified retail trades across multiple brokers in both options and under-
lying stocks from 2020 to 2022. The dataset includes trader IDs, tickers, option parameters,
timestamps, trade prices, sizes, and direction. We merge these retail trades with public
market data (OPRA for options and TAQ for stocks). This merge yields 299,485 uniquely
matched option trades worth about $309.5 million in premiums, and 607,922 stock trades
worth about $4 billion, paired with their pre-trade National Best Bid and Offer (NBBO).

Our main measure of retail trading costs builds on the familiar concept of effective bid-
ask spreads but makes two key adjustments. First, we benefit from verified rather than
inferred trade direction. To illustrate, for option purchases, we define the “true” effective
spread as twice the percentage difference between the retail execution price and the pre-
trade midquote. Thus, the spread estimates round-trip costs and is usually positive but
can be negative when retail investors supply liquidity. Second, retail trades resulting from
aggressive limit orders set the NBBO and thus the reference midquote, making it appear they
earn rather than pay the spread. To avoid understating costs, we undo this mechanical effect
on the pre-trade midquote.* Our measure improves upon the conventional effective spreads,
which are computed for the inferred liquidity-taking side and are always non-negative.

While most of our analysis focuses on option trades, stock trades provide an important

3Robinhood is an exception: limit orders are only 10% of stock trades but 62% of option trades.

4E.g., a limit buy at $1.00 sets the NBBO together with $1.05 best ask; we replace the $1.00 bid with the
next best quote (e.g., $0.90) to compute the midquote ($0.975 after the adjustment). Specifically, we adjust
the midquote if the trade executes at NBBO (or worse) and the trade exchange is the only one quoting the
relevant NBBO price, which affects 22.2% of option trades in our sample. The $1.00 limit order can become
aggressive either upon arrival or when market prices drift against it. We term this “mechanical” because
the midquote would naturally revert to our adjusted value immediately after the trade.



benchmark. The median quoted spread is 0.16% in our stock trade sample. However, actual
round-trip trading costs, measured by true effective spreads, are much lower at 0.05%. These
estimates align with the 0.06% effective spreads that Dyhrberg, Shkilko, and Werner (2022)
infer from Form 605 broker reports. The realized costs can be lower than quoted spreads due
to retail price improvement and hidden liquidity. However, we highlight the disproportionate
impact of limit orders, which constitute 39% of all retail stock trades in Form 606 reports.

Expectedly, retail trading costs in options dwarf stock costs. Option quoted spreads aver-
age 3.67% for our retail trade sample. While regular effective spreads are lower with a 2.67%
average and 1.42% median, they still vastly exceed stock trading costs.” Regularly paying
such large spreads can lead to large losses. Strikingly, true effective spreads for retail option
trades are on average 1.07% (0.64% median), about 60% lower than the conventional effec-
tive spreads. Thus, while option costs remain non-negligible, conventional spreads overstate
the actual retail costs in the options markets.

The gap between true and conventional effective spreads persists across trader types and
trading styles. We categorize traders based on holding period, trade size, and number of
trades per month. Notably, costs are lower for more sophisticated traders, with sophistication
proxied by average trade size. Furthermore, execution skill is persistent.® Investors who
minimize costs early in our sample period tend to maintain this advantage, while investors
who incur high costs early tend to keep incurring high costs. For example, among traders
in the bottom quintile of execution costs in the first half of their tenure, 54% remain in
this quintile in the second half, far above the 20% random baseline. This pattern holds
across brokers, indicating that it is driven by investor behavior, rather than broker-specific

practices.

5Our estimates of conventional effective spread are lower than in prior studies (e.g., Muravyev and Pearson
(2020); Christoffersen, Goyenko, Jacobs, and Karoui (2018); Goyenko, Ornthanalai, and Tang (2015)) for
two reasons. First, these studies use older data (2004-2015) when spreads were wider. Second, retail option
trading concentrates in liquid underlying (Bogousslavsky and Muravyev (2024)). E.g., Christoffersen et al.
(2018) find effective spreads of 6.41% and 5.25% for calls and puts on S&P 500 stocks during 2004-2012.

6We use the effective-to-quoted (E/Q) ratio to measure a trader’s execution quality by comparing their
actual trading costs (effective spread) to available market prices (quoted spread).



The gap between conventional and true effective spreads arises from our ability to observe
true trade direction. While conventional spread measures assume retail investors only take
liquidity, we find that they frequently supply it through limit orders. Consistent with Form
606 statistics above, we identify 41.5% of options trades in our sample as limit orders.
While order types aren’t directly observable, we infer them by comparing trade prices to the
corresponding quote midpoints after adjusting for observed trade direction; e.g., buys below
midpoint indicate limit orders. The vast majority of option trades execute at the NBBO
facilitating this classification. Importantly, our findings regarding true effective spreads
remain valid regardless of this limit-vs-market classification, as the true spread calculations
depend only on trade direction and price relative to the midquote.

Consistent with prior research on equities, market orders incur higher costs than limit
orders. Market orders pay a 2.53% average spread (1.38% median), only slightly lower
than a 2.67% conventional effective spread. While some retail market orders receive price
improvement, 67.6% of market orders in our sample execute at the NBBO. In contrast, limit
orders earn part of the spread, with a true average spread of -1.00% (-0.68% median). They
do not earn the whole effective spread because 22% of options trades are aggressive limit
orders that execute near the true midquote. These findings highlight the cost advantages of
limit orders. However, like most studies of trading costs, our analysis captures only executed
limit orders and cannot measure opportunity costs from order cancellations.”

We examine what drives retail investors’ choice between market and limit orders. In
theory, investors should strategically choose between limit and market orders to balance the
cost savings of limit orders against the execution risk. We find suggestive evidence that
retail investors in our data behave according to this trade-off. For instance, investors in our
dataset rely more on market orders when market depth is high. This behavior aligns with

theoretical models of optimal order choice (e.g., Parlour (1998)).

"Opportunity costs arise when market price moves away from the limit order’s price. When this happens,
traders may cancel their limit orders and trade at worse prices, paying both the adverse price drift and the
bid-ask spread.



To compare retail and non-retail trades, we match each retail trade with five OPRA
option trades immediately before and after in the same stock (though not necessarily the
same option contract). These control trades, while not exclusively non-retail, provide a
benchmark less influenced by retail activity. Systematic differences between the matched
samples can help identify retail option trades in public OPRA data. These differences also
help us estimate retail share for individual trade attributes like SLIM used by Bryzgalova
et al. (2022), assuming a baseline retail share in the control sample.

We quantify retail-control differences by regressing a retail indicator on trade attributes
in the pooled retail-control trade sample. Retail trades are 12% more likely to be single-
contract, validating this simple retail measure. While SLIM trades are also more likely to
be retail, this relationship varies by exchange. SLIM retail activity concentrates at PHLX,
consistent with its favorable treatment of retail orders (Battalio, Griffith, and Van Ness,
2021), while non-PHLX SLIM trades are no more likely to be retail than control trades.
Separating limit and market orders, retail market orders concentrate in PFOF exchanges,
consistent with brokers maximizing PFOF (Battalio, Corwin, and Jennings, 2016). Retail
limit orders often execute when a single exchange quotes NBBO, consistent with those orders
being eventually picked off by market makers.

We contribute to several strands of literature. The first examines routing and price
improvement for retail orders, with most studies focusing on stocks rather than options and
market orders rather than limit orders.® The existing options literature focuses on market
orders and finds that SLIM trades (a subset of retail market orders) pay an effective spread
of 6.7% (Bryzgalova et al. (2022)). While these orders receive substantial price improvement
(Hendershott, Khan, and Riordan (2022)), orders routed to exchanges instead of SLIM are
rarely price improved and thus pay the full spread (Ernst and Spatt (2022), Huang et al.
(2024)). Anand and Muravyev (2024) further argue that internalization makes quotes less

competitive. We expand this literature by showing that retail trading costs are much smaller

8E.g., Anand, Samadi, Sokobin, and Venkataraman (2021); Battalio and Jennings (2023); Ernst, Malenko,
Spatt, and Sun (2023); Huang, Jorion, Lee, Schwarz, et al. (2024) study stock trades.



than previously thought as retail investors often use limit orders to reduce costs. While our
cost estimates are precise, they represent a small segment of the retail population. We
leverage trader-level nature of our data to show strong execution persistence and confirm
our results across retail trading styles.

To our knowledge, only two papers explicitly study retail limit orders. Anand, Samadi,
Sokobin, and Venkataraman (2024) examine stock trading, finding that limit orders comprise
25.5% of retail trades and have lower trading costs than market orders in their sample of
300 stocks from May 2020. Our analysis of Form 606 reports, which covers all stocks from
2020 to 2022, shows an even higher share of limit orders. Moreover, we extend their work
by focusing on options, where retail trading costs are most significant. Battalio et al. (2021)
examine option limit orders, but focus on how retail brokers route these orders to exchanges
offering large liquidity rebates, comparing fees between maker-taker and PFOF exchanges.
In contrast, we focus on estimating retail trading costs.

Bogousslavsky and Muravyev (2024) use the parent trade version of the same retail
dataset, while we focus on the underlying child trades that can be merged with OPRA
data to estimate trading costs. They examine why retail investors trade options and their
resulting losses, finding that investors lose 0.97% per trade on average. When compared
with our finding of 1.07% true effective spreads, this suggests that realized transaction costs
can explain nearly all of the average realized losses retail investors experience.

We also contribute to the options literature by estimating trading costs for an important
class of investors. This estimate can help assess the net performance of option trading
strategies. While prior work establishes that option trading costs are substantial (Goyenko
et al. (2015); Christoffersen et al. (2018); Muravyev and Pearson (2020)), quantifying these
costs for specific investor groups has been challenging due to limited trader-level data and
trade direction information. We estimate that retail investors pay only 40% of conventional
effective spreads, which provides an upper bound relative to institutional algorithmic trading

costs. We further argue that trading costs should be adjusted for the mechanical effect of



aggressive limit orders on the reference midquote.

The paper is organized as follows. Section 2 presents evidence on the use of non-
marketable limits order from Forms 606 reports. Section 3 describes the retail trade data,
how it is merged with public data, and how we measure trading costs. Section 4 contains
our empirical results on retail option and stock trading costs. Section 5 describes differences

between retail and control trades. Section 6 concludes.

2 Limit Orders: Forms 606 Evidence

To motivate our main analysis, we first show that (non-marketable) limit orders represent a
substantial fraction of stock and options orders submitted by retail investors. Retail brokers
in the U.S. must submit Form 606 reports to comply with SEC Rule 606 under the Security
Exchange Act. Among other information, these reports provide on a monthly basis the
fraction of market orders, marketable limit orders, non-marketable limit orders, and other
orders for S&P 500 stocks, other stocks, and options.

Table 1 reports the average distribution of order types across retail brokers from 2020 to
2022. Non-marketable limit orders represent a substantial fraction of option orders across
all brokers. The lowest fraction of such orders across all brokers is 32.4% reported by TD
Ameritrade. The highest fraction of such orders across all brokers is 72.8% reported by
Vanguard. We calculate the average percentage for each order type, asset class, and broker
across months. The row “Total” reports the averages calculated across all brokers and
months in each asset class. The total average fraction of non-marketable limit orders is
52.8%. In contrast, market and marketable limit orders account for less than 20% of orders
on average across brokers. The “Other” category includes order types such as immediate-or-
cancel orders, stop orders, etc. that are not liquidity-providing.” The importance of other

orders varies widely across brokers.

9See SEC Rule 11Acl-5 for details:
https://wuw.sec.gov/rules-regulations/2001/03/disclosure-order-execution-routing-practices


https://www.sec.gov/rules-regulations/2001/03/disclosure-order-execution-routing-practices

For S&P stocks and other stocks, the fraction of non-marketable limit orders tends to
be lower but remains substantial. On average across brokers, the fraction of such orders is
about 39%. Market and marketable limit orders account for about 44% of orders, with the
remaining 17% accounted for by other orders.

Thus, comprehensive public data shows that non-marketable limit orders are important
especially so for options. Prior literature focuses on retail market orders in options (Bryz-
galova et al. (2022); Huang et al. (2024)) or only recently examines retail limit orders in
stocks (Anand et al. (2024)). next, we use a dataset of retail stock and option trades that

includes both market and limit orders to study retail execution costs.

3 Data and Methodology

This section describes our data as well as our approach to measure retail trading costs in

stocks and options.

3.1 Retail Sample

We construct a sample of retail trade execution costs using the retail stock and option
trade data of Bogousslavsky and Muravyev (2024), which we refer at as “journal” data.
Retail investors who wish to use advanced analytics can use a trading journal, which will
automatically import and verify trades from their brokerage account. Bogousslavsky and
Muravyev (2024) gather stock and option trading data from a specific trading journal for
which trading information was publicly available by default. A typical option trade in this
dataset is the purchase of an option on the SP index or a high-price technology stock held
for a few hours. We refer to Bogousslavsky and Muravyev (2024) for detailed information
about the dataset.

For a subset of the original dataset, complete price, size, trade direction, and time infor-

mation is available. We use this information to match journal trades to option trade records



in OPRA and stock trade records in TAQ. We next describe our matching procedure.

For option trades, we match journal trades data with OPRA trade and quote data pro-
vided by SpiderRock.! Because the timestamps of retail trade data do not feature sub-second
increments, we match option contract trades between the two databases using the following
algorithm. We first match trades by underlying symbol; date; time (hour, minute, second);
option parameters (call/put; strike price; expiration date); and transaction price. We remove
a matched trade if its non-missing trade size in journal data differs from the OPRA trade
size to which it is matched. For matched trades with missing trade size in retail data, we use
OPRA trade size and keep them in the sample.Among these matched retail trades, 290,897
are one-to-one matched, i.e., cases where an individual journal trade matches an individual
OPRA trade. All such cases enter our final sample. In contrast, 122,363 journal trades
represent one-to-many matches, where one journal trade is matched with multiple OPRA
trades; 12,622 trades represent many-to-one matches, where multiple journal trades match
a single OPRA trade; and lastly, 13,995 journal trades represent many-to-many matches,
where multiple journal trades match multiple OPRA trades. In each case among these none-
one-to-one matches, we randomly draw a single row of data and discard the remaining rows
associated with that particular case. As Table A.1 in the Appendix summarizes these steps,
our algorithm leads to obtain a total of 377,041 singular journal-OPRA matched trades. We
exclude option trades where the second-best bid price is less than 10¢, because low price
complicates relative cost measurement. This leaves us with a final sample 299,485 retail
option trades.

For stock trades, we follow a slightly different approach because a given stock tends to
can trade many times within one second. First, out of the 2,275,555 journal trades, we

focus on the 1,085,000 trades occurring in the 100 most frequently traded stocks in the retail

108peicifically, we use their Options Print Set dataset, "created on every option print along with the
quote, surface, size, and trade volume at the print time plus all relevant options analytics. The print set
also contains exchange published print types (single, complex, auction, block, sweep, etc.) and SpiderRock
estimates of the trade side (buy, sell). Records also contain T+1M and T+10M forward mark details to
support trade cost analysis (TCA).”



trade data. We then use tickers, dates, and timestamps to match each journal trade to the
prevailing national best bid and ask price (NBBO) at the end of the previous second in TAQ
data, with NBBOs constructed following Holden and Jacobsen (2014). Our final sample
contains 607,922 retail stock trades that occur within regular trading hours.

While the journal dataset reports order direction, we do not observe order type. We clas-
sify buy (sell) orders executed below (above) the prevailing quote midpoint as limit. Figure 1
shows that the estimated fraction of limit orders in our dataset is in the same range as the
average fraction of such orders reported in forms 606 for both options (Panel A) and stocks
(Panel B). Thus, estimated order type in our data matches public reports. Importantly,
this figure suggests that about 40 to 50% of executed option orders in our dataset are limit

orders, which have been ignored by prior literature on retail trading costs.

3.2 Control Sample

We match each of the 299,485 retail option trades to “control” trades in OPRA data to com-
pare known retail trades with similar trades that may or may not involve retail investors.
From OPRA, we first exclude the 2 trades in the same underlying symbol that occur im-
mediately before and the 2 trades that occur immediately after each retail trade. We then
flag the five trades that occurred just before and the five trades that occurred just after
each retail trade, with all the 10 trades associated with the same underlying symbol and
occurred on the same day as the retail trade. Like our main sample of retail option trades,
we exclude any control trades associated with a second best bid price below 10¢. Our final

sample contains 2,790,720 control trades.

3.3 Descriptive Statistics

Table 2 reports descriptive statistics for option retail trades, option control trades, and stock
retail trades.

The average option trade value is $1,033 and the median value is $264. The average

10



number of days to expiration is 11.9, but the median value is only 2, with 21.8% of trades
being 0-DTE trades. Bryzgalova et al. (2022) focus on orders executed in single-leg price

improvement auctions (SLIM flag in OPRA). These represent 27% of trades in our sample.

3.4 Trading Cost Measurement

We measure retail trading costs using several measures. Two of these measures are com-
monly used in the literature, when the true trade direction, i.e., buy versus sell, is unknown
(Bryzgalova, Pavlova, and Sikorskaya, 2023; Dyhrberg et al., 2022). Relative quoted spread
is the bid-ask spread divided by the respective NBBO midpoint, scaled by 100, measured
for options and stocks, respectively, at the time of transaction and at end of the second
prior to the transaction. Similarly, relative effective spread is 2 times estimated trade di-
rection, +1 for by traded and —1 for sell trades (constructed using Lee and Ready (1991)’s
algorithm), times the difference between transaction price, divided by the respective NBBO
midpoint. The other trading-cost measures exploit the availability of trade directions in
our data. Signed unadjusted relative effective spread is identical to relative effective spread
except that it uses the true trade direction, i.e., +1 for buy and —1 for sell trades, instead
of the Lee-Ready inferred trade directions.

For option trades we also construct signed relative effective spreads, after adjusting for
the mechanical effects that arise due to a use of aggressive limit orders. Retail investors may
opt to post a limit order inside the prevailing NBBO, in which case their limit order will
receive price priority and is likely to trade against an incoming marketable order from the
opposite side of the market. In this case, the signed unadjusted effective spread understates
true trading costs. To see this, suppose that the prevailing bid and ask prices are $2.40 and
$2.60, respectively, and hence the midpoint is $2.50. An investor posts a limit buy order at
$2.45, which will shift the prevailing bid to $2.45 and the midpoint to $2.525. The signed
unadjusted relative effective spread will equal +1 x (2.45 — 2.525)/2.525 x 100 ~ —2.97% if

this limit order is filled at $2.45. However, the prevailing midpoint that shaped the investor’s
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decision is $2.50, on which basis the trading costs will be +1x (2.45—2.50)/2.50 x 100 = —2%,
about 1 percentage point greater than the estimate that does not account for this mechanical
effect.

SpiderRock compiles information on both the first best and the second best prevailing
bid and ask prices at the time of each transaction, the number exchanges at the top of the
order book, as well as the identity of the exchange at which each transaction occurs. This
allows us to introduce the signed (adjusted) relative effective spread that accounts for to
the downward bias described above. We first identify trades that (1) occur either at the
best bid or the best ask price; (2) occur when a single exchange prevails the bid (ask) side
of order book with the trade price being below (above) the corresponding midpoint; (3)
occur in the same single exchange as that prevailing the bid (ask) side of order book. For
these trades, we use the second best bid (ask) price, when the trade price is below (above)
the corresponding midpoint, to calculate the second best quote midpoint. By using this
second best midpoint, instead of the traditional first best midpoint, in the calculation of
signed effective spread we adjust for the mechanical effects driven by the use of aggressive
limit orders. The key assumption here is that the second best (adjusted) quotes are those

prevailing when an aggressive limit orders are placed.!!

4 Retail Trading Costs

This section reports our main empirical results on retail option and stock trading costs.

4.1 Signed Spread vs Conventional Spread

Figure 2 presents our main result. In this figure, we plot the effective spreads of option

trades for the signed retail trades in our dataset, unsigned retail trades, and unsigned control

1 This assumption is too strong for our retail stock trades since we rely on timestamps without sub-second
increments and the order book can see significant changes within one second. Thus, our adjustment is not
feasible for our equity retail trades.
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trades. Unsigned retail effective spreads are large on average, about 2.67%, and about the
same magnitude as the average control effective spreads of 2.77%. Strikingly, however, signed
retail effective spreads are on average much lower at 1.07%. Thus, taking into account the
trade direction is crucial as it reduces effective spreads by about 60%. Conventional spreads
substantially overstate the actual trading costs of retail investors in the options markets.

Table 3 reports estimated option quoted spreads and effective spreads for retail and
control trades. Panel A considers all option trades Quoted spreads associated with our
retail trades are on average 3.67%. However, conventional effective spreads are on average
2.67%.After accounting for trade direction, average effective spread drops to 0.56%. This
number, however, ignores a potential mechanical effect if the retail order itself sets the
NBBO. Once we compute effective spreads relative to the second-best NBBO, as explained
in Section 3.4, we get to an average effective spread of 1.07%.

If instead we consider median trading costs, we get a similar picture. The median quoted
spread is 1.94%. The median effective spread is 1.42%. The median signed effective spread—
adjusted for mechanical effects—is 0.64%, about 55% smaller than the unsigned effective
spread.

By construction, conventional effective spreads cannot be negative as they always take
the point of view of a liquidity consumer. For a liquidity supplier, the effective spread is
negative. Table 3 shows that 30.25% of retail option effective spreads are negative in our
data.

Panel B focuses on the top-10 most actively traded tickers. As expected, spreads are
smaller, but the patterns remain the same. Since these options tend to be much more liquid,
the second-best NBBO adjustment has a much smaller effect.

Finally, the bottom two rows of Panels A and B report effective spreads and quoted
spreads for control trades, constructed as described in Section 3.2. The results show that
our unsigned retail trades appear similar to control trades.

How do retail trading costs in options compare to stocks? Figure 3 plots (signed) effective

13



and quoted spreads for option and stock trades. Unsurprisingly, stock trading costs are much
lower than option trading costs. Stock quoted spreads are on average 0.3% and effective
spreads are on average 0.17%. Table 4 reports the distribution of estimated retail trading
costs in stocks. For equity trades in top-10 option tickers, the average effective spread is
about 0. The difference between quoted spread and signed effective spread reflects the use
of limit orders, retail price improvement, and hidden liquidity.Using an expanded version of
the dataset under consideration, Bogousslavsky and Muravyev (2024) find that investors are
close to breaking even on their stock trades. They conjecture that minimal transaction costs
for small retail trades in modern U.S. equity markets can explain this result. The results in
Table 4 lend support to this conjecture.

Next, we regress two measures of trading costs on indicator variables to examine what
drives variation in trading costs. Our first measure is the effective spread. Our second
measure is the effective-to-quoted spread (EQ) ratio. The EQ ratio measures a trader’s
ability to time trades and minimize costs relative to prevailing market prices. A low EQ
ratio indicates low execution costs. In some specifications, we add underlying fixed effects,
date fixed effects, and trader fixed effects.

Table 5 reports the results for effective spread in Panel A and EQ ratio in Panel B. First,
we consider at-the-money and out-of-the-money indicator variables. At-the-money (out-of-
the-money) options have higher (lower) prices and therefore are likely to have lower (higher)
relative effective spreads. This is confirmed in Panel A. There is no clear pattern, however,
for the EQ ratio.

Second, we add an indicator for ODTE trades. Panel A shows that effective spreads are
higher for these options. Absent fixed effect, a ODTE option is associated with a 0.46%
higher effective spread, all else equal, with a t¢-statistic of 8.79. The coefficient estimate
remains about the same—0.41%—-with the inclusion of underlying, date, and trader fixed
effects. Again, we do not observe a consistent pattern in the EQ ratio.

Third, buy trades are associated with lower effective spread and EQ ratio than sell trades.

14



The effect is economically large and robust across specifications. In the baseline specification
without fixed effects, a buy trade is associated with a 0.55% decrease in effective spread, with
a t-statistic of 4.48.

Fourth, effective spread and EQ ratio are higher for trades executed on payment for order
flow (PFOF) exchanges, as opposed to make-take (MT) exchanges. This result is consistent
with Battalio et al. (2016).

Fifth, SLIM trades are associated with lower EQ ratio.

Finally, we also find that trading costs tend to be lower in the first half of the sample

(January 2020 to June 2021).

4.2 Trader Types and Persistence in Trading Costs

How does the gap between true and conventional effective spread vary across trader types?
We consider the following groups: traders with a median trade duration lower than one day
(“Fast trader”); traders with a median trade size less than $200 (“Low stakes”); traders with
a median trade size greater than $5,000 (“High stakes”); traders with a median number of
trades per month lower than 10 (“Few trades”); and traders with a median number of trades
per month greater than 30 (“Many trades”).

Table 6 reports differences between relative effective spreads of signed and unsigned
retail trades across trader groups. As shown in the table, the difference between signed
and unsigned spreads is large across all trader groups. The unsigned to signed spread ratio
is never below 2.3. One may argue that the results in Table 3 are exclusively driven by
sophisticated traders who employ limit orders. If this is the case, then we should observe
much smaller differences between signed and unsigned effective spreads for less sophisticated
traders. However, even among low-stakes traders, which are presumably less sophisticated,
this ratio is 2.41.

Table 6 suggests that investor skill matters for trading costs. High-stakes traders have

much lower signed effective spread than all other trader groups; i.e., 0.614 whereas none of
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the other groups has signed spread that is statistically lower than one.

To provide further evidence on the role of investor skill, we examine persistence in trading
costs. We split each trader’s history into two halves and compute EQ ratio for both periods.
In Table 7, we sort traders into groups based on EQ ratio during the first half of their tenure
and report their second-half EQ ratio and the probability of staying in the same group. The
results show clear persistence in EQ ratio across traders. Average EQ ratio in the second
half increases monotonically across quintiles sorted on first-half EQ ratio.

If EQ ratio is random across traders, then the probability of staying in the same EQ
ratio quintile should be 20%. Instead, this probability follows a U-shape across quintiles.
Low EQ traders have a 54% probability of staying in bottom EQ ratio quintile, whereas high
EQ ratio traders have a 49% probability of staying in the top EQ ratio quintile. Panels B
and C show that the results are robust to looking at TD trades and non-TD trades. Thus,
persistence in execution skill, as proxied by EQ ratio, is driven by investor behavior, rather

than broker-specific practices.

4.3 Market vs Limit Orders

In this section, we shed more light on market vs limit orders. Unfortunately, we do not
directly observe order types in the dataset. To infer order type, we compare trade prices to
the corresponding quote midpoints after adjusting for observed trade direction. A buy (sell)
order executed below (above) the quote midpoint is classified as a limit order. We again take
into account the adjustment for the use of aggressive limit orders detailed in Section 3.
Table 8 examines retail option trading costs by order type. Panel A restates our main
estimate of 1.07% effective spread across all trades while breaking down orders between those
that need an adjustment and those that don’t. Panel B shows that market orders in our
sample pay a 2.53% average spread and a 1.38% median spread. Panel C shows that limit
orders earn part of the spread, with a —1.00% average spread and a —0.68% median spread.

They do not earn the entire spread because some limit orders are aggressive and execute
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near the true midquote.

We examine the determinants of order choice in our dataset. We emphasize that this
analysis should be taken with caution. First, our limit orders are by definition conditional
on execution, which affects the interpretation of the results. Second, causality can often
run both ways. For example, higher volatility could predict higher limit order submission
(Foucault 1999) or volatility could be higher simply because the market is less active, with
fewer market orders. Our aim is simply to assess whether limit order choice is associated
with market conditions in a way consistent with the theoretical literature on order choice.

In Table 9, we regress a limit-order indicator on variables motivated by the theoretical
literature on optimal order choice. Absent asymmetric information, the choice between
market order and limit order reflects a trade-off between sure execution at a worse price and
uncertain execution at a better price (e.g., Rosu, 2009). As predicted by Parlour (1998),
higher depth predicts increased order aggressiveness. Intuitively, higher depth lowers limit
order execution probability.

Buy trades are associated with greater limit order usage. One explanation is that traders
are more patient when entering a position than when exiting a position. This could explain
why buy trades have lower execution costs than sell trades in Table 5.

The evidence also suggests that limit orders are less likely to be routed to PFOF ex-
changes. Put differently, market orders are more likely to be routed to PFOF exchanges,

which could be consistent with avoiding make fees.

5 Identifying Retail Trades in OPRA

To compare retail and non-retail trades, we match each retail trade with five OPRA option
trades immediately before and after in the same stock (though not necessarily the same option
contract) as further explained in Section 3.2. These control trades, while not exclusively non-

retail, provide a benchmark less influenced by retail activity. Systematic differences between
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the matched samples can help identify retail option trades in public OPRA data. These
differences also help us estimate retail share for individual trade attributes like SLIM used
by Bryzgalova et al. (2022), assuming the baseline retail share, as we explain further using
examples below.

We quantify retail-control differences by regressing a retail indicator on trade attributes
in the pooled retail-control trade sample. A higher regression coefficient indicates that
trades with a given attribute are more likely to be retail. Our independent variables include
indicators for auction trades (SLIM), trades executed on PHLX, and their interaction, single-
lot, and round-lot trade sizes, instances where only one exchange quotes at NBBO, zero days
to expiration options, and trades on payment for order flow exchanges. In our sample, these
indicators are turned on for 12% (SLIM), 15% (PHLX), 3% (SLIMxPHLX interaction), 25%
(single-lot), 42% (round-lot), 18% (one exchange at NBBO), 8% (zero days to expiration),
and 35% (payment for order flow exchanges) of all trades. We include effective spreads as a
continuous control and add fixed effects for the underlying stock, trading date, and individual
traders. We estimate these models separately for the full sample, market orders only, and
limit orders only, with standard errors clustered by stock and date.

Our regression analysis in Table 10 reveals several distinctive characteristics between
trades in our retail and matched control samples. Single-lot trades show the strongest rela-
tionship with our retail sample, being 6 percentage points more likely to appear in the retail
versus control sample (#-stat = 19.59), representing a 60% increase relative to the baseline
(trades from our identified retail sample comprise about 10% of our pooled sample). The in-
teraction between SLIM and PHLX trading emerges as another strong predictor, with these
trades being 8 percentage points more likely to appear in the retail versus control sample
(t-stat = 7.67), an 80% increase over the baseline. Notably, while PHLX trades alone are
slightly more common in the retail sample (0.93 percentage point increase, t-stat = 2.02),
SLIM trades in isolation show no significant difference between samples. Round-lot trades

also exhibit a significant positive association with our retail sample, being 3.6 percentage
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points more likely (#-stat = 14.56). Zero-day-to-expiration options demonstrate a strong
retail pattern, being 3.7 percentage points more likely in the retail sample (#-stat = 8.54).
Examining limit orders specifically, we find they are 3.3 percentage points more likely to ex-
ecute when a single exchange quotes the NBBO in the retail versus control sample (t-stat =
7.95), consistent with these orders being susceptible to adverse selection. Importantly, these
results remain robust across specifications controlling for underlying stock fixed effects, date
fixed effects, and trader fixed effects, with coefficient magnitudes and statistical significance
largely unchanged.

The regression coefficient provides a direct measure of how the probability of a trade being
retail changes with a trade attribute such as single-lot status, given the baseline retail fraction
in the control sample. We provide an example of the back-of-the-envelope calculation. Let
us assume that the control sample contains 50% retail trades. We define a binary variable
Retail that equals 1 for retail trades and 0 otherwise. Regressing Retail on an indicator
for single-lot trades (Size), we obtain a coefficient of 0.06. This coefficient represents the
difference in the probability of a trade being retail when it is a single-lot trade versus when it
is not. Mathematically, this corresponds to E[Retail|Size = 1] — E[Retail|Size = 0] = 0.06.
Given that E[Retail|Size = 0] corresponds to the overall retail fraction in the control sample
of 0.5, we solve for E[Retail|Size = 1] as 0.5+ 0.06 = 0.56. This implies that 56% of single-
lot trades in the control sample are retail trades. This calculation assumes that all other
indicator variables are zero in the regression. We supplement the multivariate indicator

regressions with univariate regressions in Table A.3 in the Appendix.

6 Conclusion

This paper provides new insights into retail trading costs in options markets by leveraging
comprehensive data on all order types and precise trade direction information. Our analysis

yields several important findings that challenge conventional wisdom about retail trading
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behavior and costs. First, we document that retail investors make extensive use of limit
orders in both stock and options markets, with non-marketable limit orders accounting
for approximately 40% of stock trades and 52% of option trades. This finding stands in
stark contrast to the traditional view that retail investors predominantly use market orders.
The widespread use of limit orders appears driven by the substantially wider spreads in
options markets, which create stronger incentives for retail traders to provide rather than
take liquidity:.

Second, we show that conventional spread measures substantially overstate actual retail
trading costs in options markets. While quoted spreads average 3.67% and conventional
effective spreads average 2.67% in our sample, true effective spreads—which account for
verified trade direction and adjust for the mechanical effect of aggressive limit orders on
reference prices—are only 1.07% on average. This 60% reduction in estimated trading costs
has important implications for understanding retail trading performance and market quality.

Third, we find significant heterogeneity in execution costs across trader types and per-
sistence in execution skill. More sophisticated traders, as measured by larger average trade
sizes, achieve lower trading costs. Furthermore, traders who demonstrate superior execution
ability early in the sample tend to maintain this advantage, with 49% of top-quintile per-
formers remaining in the top quintile in the subsequent period. This persistence holds across
different brokers, suggesting it reflects investor skill rather than broker-specific practices.

Fourth, our analysis of order choice reveals that retail investors strategically adapt their
trading strategies to market conditions. They are more likely to use limit orders when
quoted spreads are wide, indicating sensitivity to trading costs. However, during periods of
high volatility, they shift toward market orders, suggesting they appropriately balance cost
savings against execution certainty.

These findings have important implications for our understanding of retail market partic-
ipation and market structure. The substantial use of limit orders by retail traders suggests

they contribute more to market liquidity than previously thought. Moreover, the lower true
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trading costs we document indicate that options markets may be more accessible to retail
traders than conventional spread measures suggest, though costs remain substantially higher
than in equity markets.

Several promising directions for future research emerge from our analysis. Researchers
could examine how the introduction of zero-commission trading has affected retail order
placement strategies and execution quality, informing ongoing policy debates about payment
for order flow and retail market structure. Additionally, investigating whether the execution
skill persistence we document stems from better timing, more sophisticated order placement
strategies, or other factors could yield valuable insights for retail trader education and market
design, particularly in complex financial instruments where trading costs are substantial.

Our findings highlight the importance of comprehensive data and precise measurement in
understanding retail trading behavior and costs. As retail participation in options markets
continues to grow, these insights can help inform market structure decisions and improve

our understanding of retail trader performance.
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Figures and Tables

Figure 1. Share of Limit Orders Underlying Option and Stock Retail Trades.

This figure compares the estimated fraction of limit orders in our dataset to the fraction of limit orders
reported in 606 reports. Monthly shares of limit orders handled in S&P500 stocks and options are extracted
from 606 reports of the following retail brokers from the first quarter of 2020 through the last quarter of
2022:Apex, Charles Schwab, E*TRADE, Fidelity, Interactive Brokers, Robinhood, TD Ameritrade, Van-
guard, Webull. The monthly average share of limit orders among brokers are reported over time.
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Figure 2. Effective Spreads of Option Trades
“Signed Retail” denotes true effective spreads, which is our main measure, “Unsigned Retail” and “Unsigned
Control” denote conventional effective spreads for the retail trade sample and control samples.
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Figure 3. True Effective and Quoted Spreads for Option and Stock Retail Trades
The figure compares signed unadjusted relative effective spreads and relative quoted spreads of retail trades
between options and stocks.
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Figure 4. Trade Price Distribution Relative to Quoted Spread.

The figure shows the distribution of trade prices of retail option trades relative to the quoted bid-ask spread.
The normalized transaction price is defined as the actual transaction price minus the corresponding best bid
price, divided by the bid-ask spread. IL.e., zero (one) denotes trades at the bid (ask) price. Almost all option
trades are expected at or within the NBBO.
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Table 1. Order Type Distribution by Broker

This table reports the distribution of order types (non-marketable limit, market, marketable limit, and other) across retail brokers, based on Form
606 monthly reports from 2020 to 2022. The data are reported monthly and disaggregated by asset class: options, S&P 500 stocks, and other
stocks. Non-marketable limit orders represent liquidity-providing orders, while market and marketable limit orders represent liquidity-taking orders.
The “Other” category includes order types such as immediate-or-cancel orders, stop orders, etc. (see SEC Rule 11Acl-5 for details) that are not
liquidity-providing. Average percentage for each order type, asset class, and broker is calculated across months. The row “Total” reports the averages
calculated across all brokers and months in each asset class.

Options S&P 500 Stocks Other Stocks
Order Type (%) Order Type (%) Order Type (%)
Non-marketable Marketable Non-marketable Marketable Non-marketable Marketable
Broker Limit Market Limit Other Limit Market Limit Other limit Market limit Other
Apex 32.6 2.0 5.1 60.3 494 34.5 8.0 8.1 46.1 29.3 12.5 12.1
Charles Schwab 50.8 14.8 6.3 28.1 30.7 56.3 4.7 8.3 32.2 51.6 6.6 9.6
E*TRADE 40.9 17.3 7.4 34.2 31.5 51.7 5.8 11.0 33.8 45.4 10.2 10.6
Fidelity 54.1 22.2 9.5 14.3 34.5 55.5 5.4 4.6 35.5 52.0 7.5 5.0
Interactive Brokers 47.6 0.4 7.6 44.4 74.2 0.3 23.1 2.4 70.0 0.2 26.1 3.7
Robinhood 61.6 2.7 20.0 15.7 10.4 32.6 25.1 31.9 10.7 30.0 26.9 32,5
TD Ameritrade 324 3.3 7.6 56.6 32.5 19.0 8.2 40.3 32.0 17.2 10.6 40.3
TD Clearing 61.3 6.8 12.7 20.1 36.1 22.5 7.0 34.4 35.5 21.9 9.2 33.4
Vanguard 72.8 0.1 22.2 4.8 31.3 47.5 5.1 16.1 27.5 52.1 5.5 14.9
Webull 65.3 1.7 27.1 5.8 64.1 9.7 14.0 12.2 66.0 8.6 17.7 7.8

Total 52.8 74 12.9 27.0 39.0 32.9 10.8 17.3 38.6 30.9 13.3 17.2




Table 2. Trade Summary Statistics.

This table reports summary statistics for option and stock trades. Panels A and B focus on options: Panel
A summarizes 299,485 retail option trades, while Panel B covers 2,790,720 control option trades. Panel C
details 608,083 retail stock trades. Statistics include the total count of trades, mean, standard deviation, and
percentiles (1st, 5th, 25th, 50th, 75th, 95th, 99th) to capture distributional characteristics. Key variables are
defined as follows: Trade Price reflects the per-contract execution price (options) or per-share price (stocks),
in dollars. Trade Size measures the number of contracts (options) or shares (stocks) per trade, while Trade
Value calculates the total dollar value of the trade. SLAN is an indicator of whether the trade occurred in
a single-leg price improvement auction. Exchanges at NBBO count the number of exchanges quoting the
NBBO price when the trade is executed. Moneyness compares an option’s strike price to its underlying
stock price: for calls, values below one indicate in-the-money (ITM) status, while for puts, values above one
denote ITM. The sample period is form January 2020 to December 2022.

Panel A: Option Retail Trades

Percentiles
Variable Count Mean St Dev. 1 5 25 50 75 95 99
Trade Price 299,485 3.88 7.67 0.15 0.28  0.86 1.72 3.49 15.00  40.30
Underlying Price 299,485  349.80 42237  5.87 19.00 109.83 308.88 425.77 870.59 3107.95
Trade Size (shares) 299,485 350.0 1253.4  100.0 100 100 100 200 1000 4800
Trade Value ($) 299,485  1033.6  4252.7 18 38 120 264 689 3590 12650
SLAN 299,485 0.27 0.44 0 0 0 0 1 1 1
# Exchanges at NBBO 299,485 4.35 4.24 1 1 1 2 7 14 16
Moneyness Call 179,616 0.922 3.203  0.610 0.822 0.958 0.989 0.998 1.018 1.136
Moneyness Put 119,867 0.972 0.082 0.685 0.862 0.970 0.992 0.999 1.009 1.082
Days to Expiration 299,485 11.9 45.7 0 0 1 2 7 43 175
Hour of Day 299,485 11.05 1.99 9 9 9 10 12 15 15

Pabel B: Option Control Trades

Percentiles
Variable Count Mean St Dev. 1 5 25 50 75 95 99
Trade Price 2,790,720 5.85 16.81 0.14 0.25 0.87 2.00 4.80 22.06 63.69
Underlying Price 2,790,720 352.59  423.94 580 19.00 111.98 315.19 426.47 872.75 3123.02
Trade Size (shares) 2,790,720  547.9 1714.9  100.0 100 100 100 400 2000 7000
Trade Value ($) 2,790,720 2280.4  13593.4 17 39 150 405 1330 8190 31275
SLAN 2,790,720  0.22 0.41 0 0 0 0 0 1 1
# Exchanges at NBBO 2,790,720  4.35 4.27 1 1 1 2 7 14 16
Moneyness Call 1,652,742 0.928 2454 0.530 0.782 0.948 0.987 0.999 1.043 1.286
Moneyness Put 1,137,959  0.966 0.123  0.578 0.812 0.957 0.989  0.999 1.028 1.191
Days to Expiration 2,790,720 21.6 69.2 0 0 1 3 11 87 380
Hour of Day 2,790,720  11.05 1.98 9 9 9 10 12 15 15

Pabel C: Stock Retail Trades

Percentiles
Variable Count Mean St Dev. 1 5 25 50 75 95 99
Trade Price 608,083 75.6 167.3 125 232 546 12.85  58.79 387.00 847.00
Trade Size 403,599 292.8 838.0 1 2 25 100 200 1000 3500
Trade Value 403,599  6699.06 18540.46 11 58 405 1472 4999 28995 93540
Hour of Day 608,083 11.3 1.9 9 9 10 11 13 15 15
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Table 3. Retail Trading Costs in Options.

This table reports relative bid-ask spreads for retail and control sample option trades. True effective spreads use verified trade direction and are
computed as twice the percentage difference between the execution price and pre-trade midquote. The unadjusted version includes cases where retail
limit orders set the NBBO, while the adjusted version removes this mechanical effect by using the next best quote. Conventional effective spreads
follow standard methodology using inferred trade direction and are always non-negative. Panel A presents results for all option trades, while Panel
B focuses on trades in the ten most actively traded underlying securities. For each spread measure, we report the number of observations, mean,
standard deviation, and key percentiles of the distribution.

Panel A: All option trades

Percentiles
Retail Sample Spreads (%) Observations Mean S.D. 1 5 25 50 75 95 99
True Effective 299,485 1.07 497 —-9.23 —-341 —-044 064 190 6.90 17.14
True Effective Unadjusted 299,485 0.56 5.18 —12.50 —-4.88 —1.03 0.52 1.77 6.58 16.04
Conventional Effective 299,485 2.67 4.49 0.00 0.25 0.73 142 290 870 20.51
Conventional Quoted 299,485 3.67 6.02 0.26 0.44 1.03 194 397 12.05 28.57
Control Sample Spreads (%)
Conventional Effective 2,790,720 2.77 490 0.00 0.20 0.68 1.40 3.03 9.09 22.22
Conventional Quoted 2,790,720 3.69 6.29 0.21 039 097 1.89 3.99 12.24 28.57
Panel B: Option trades in top-10 active tickers
Percentiles
Retail Sample Spreads (%) Observations Mean S.D. 1 5 25 50 75 95 99
True Effective 206,565 0.75 285 =550 —2.25 —-0.35 0.58 1.51 444 8.70
True Effective Unadjusted 206,565 0.56 3.00 —-6.45 —-2.79 -0.72 0.56 150 444 8.70
Conventional Effective 206,565 143 258 —-232 —-033 041 096 185 488 9.42
Conventional Quoted 206,565 223 313 0.23 0.38 0.83 144 256 6.45 13.33

Control Sample Spreads (%)
Conventional Effective 1,952,365 1.81 279  0.00 0.18 0.56 1.08 2.06 5.71 11.30
Conventional Quoted 1,952,365 228 339 0.19 0.34 0.7 141 260 6.90 14.29
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Table 4. Retail Trading Costs in Stocks.

This table reports relative bid-ask spreads for retail stock trades. True effective spreads use verified trade direction and are computed as twice the
percentage difference between the execution price and pre-trade midquote. These can be negative when retail traders supply liquidity. Conventional
effective spreads follow standard methodology using inferred trade direction and are always non-negative. Panel A presents results for the 100 stocks
with most retail trades, while Panel B focuses on stocks with the most retail option activity. For each spread measure, we report the number of
observations, mean, standard deviation, and key percentiles of the distribution. All stock trades panel include equity trades in the 100 stocks with

most retail trades

Panel A: All equity trades

Retail Sample Spreads (%)

Percentiles

Observations Mean S.D. 1 5 25 50 75 95 99

True Effective

Conventional Quoted

607,922 0.17 4576 —-237 —-146 -0.26 0.05 0.39 1.57 2.66
607,922 030 1.34 0.00 0.01 0.04 016 0.36 0.83 1.59

Panel B: Equity trades in top-10 option tickers

Percentiles
Retail Sample Spreads (%) Observations Mean S.D. 1 5 25 50 75 95 99
True Effective 156,060 0.00 0.72 -1.84 -120 -0.21 0.01 0.22 1.17 1.85

Conventional Quoted

156,060 0.06 0.15 0.00 0.00 0.01 0.02 0.05 0.19 0.55




Table 5. Retail Trading Costs in Options: Subsample Analysis.

This table reports on the cross-sectional variation in the trading costs and execution quality of retail option
trades. Trading cost; i.e., signed effective spread, on each retail trade is the product of the trade direction and
the difference between execution price and the quote midpoint, divided by the quote midpoint, multiplied by
2 and scaled by 100. Execution quality, i.e., the effective-to-quoted spread (E/Q) ratio, divides the signed
effective spread by quoted spread. Following indicator variables are used as independent variables: “Early”
equals 1 for trades occurring from January, 2020 through June, 2021 but equals 0 otherwise; “Top-10 Ticker”
equals 1 if a trade is associated with the 10 underlying tickers whose option contracts are most frequently
traded in by retail investors in a given month and equals 0 otherwise; “ATM” equals 1 if moneyness (defined
as underlying price divided by strike price for call options and as strike price divided by underlying price for
put options) is between 0.98 and 1.02 and equals 0 otherwise; “OTM” equals 1 if moneyness is lass than 0.95
and equals 0 otherwise; “Date-0" equals 1 if the trade occurs on the contracts expiration date and equals 0
otherwise; ‘Buy trade” equals 1 if the trade is attributable to a retail buyer and equals 0 otherwise; “Call
option” equals 1 if the contract is a call option and 0 if it is put; “PFOF” equals 1 if the trade occurs on an
exchange allowing PFOF and equals 0 otherwise; and “SLAN” equals 1 if trade is executed as single-legged
auction transaction and equals 0 otherwise. Specifications control for different combinations of underlying
ticker, date, and trader fixed effects. Standard errors are clustered by underlying ticker and date, with
t-statistics reported in brackets and symbols *, ** *** reflecting statistical significance given 10%, 5%, and
1% type I error levels, respectively.

Panel A: Effective Spread (%) Panel B: E/Q Ratio
Early —0.24%FF (), 25%F* —0.12%* —0.035%*  —0.040*** —0.0059
[-2.93]  [-2.59] [~2.00] [—2.44] [—2.86] [—0.60]
Top-10 Ticker —0.030 —0.15 —0.0090 —0.15* —0.10 —0.011 —0.0067 —0.016 —0.050***  —0.0037
[—0.35] [—1.18] [—0.09] [—1.86] [—1.09] [—0.63] [—0.29] [—0.97] [—2.95] [—0.18]
ATM —0.091  —0.13%*  —0.11*  —0.19%%* (0. 27%F* 0.026%** 0.018** 0.026%**  —0.025%**  —(.033***
[—1.56] [—2.72] [—1.89] [—3.90] [—-7.51] [2.79] [2.29] [2.64] [—2.60] [—4.41]
OTM 0.41%%* 0.46%+* 0.417%%* 0.417%%%* 0.507%** 0.0076 0.014 0.0055 0.017+* 0.028%**
[5.60] [6.40] [5.63] [6.29] [7.91] [0.68] [1.01] [0.53] [2.03] (2.88]
Date-0 0.46%%* 0.48%+* 0.56%** 0.34%+* 0.417%%* —0.010 —0.017 —0.013 —0.024%*%*%  —0.039%**
[8.79] [7.30] [12.63] [6.26] [7.58] [—0.73] [—1.55] [-0.61] [—2.65] [—3.82]
Buy —0.55%FF  —(.53*FFF  —(.54F**  —(.53*FK  —(.51FHF —0.056***  —0.058***  —0.056***  —0.061**  —0.053***
[-4.38]  [-4.42] [-442]  [-447]  [-4.52] [~2.62] [-2.71] [~2.65] [~2.57] [~2.64]
Call option 0.10%* 0.063** 0.065* 0.055* 0.0092 —0.018%%*%  —0.018%**  —0.015%* —0.018*** —0.017***
[2.49] [2.07] [1.70] [1.96] [0.35] (—3.17] [—3.07] [—2.08] (—3.13] [—2.75]
PFOF 1.26%%* 1.24%%% 1.27%%* 1.28%%* 1.26%%* 0.22%** 0.22%** 0.22%** 0.23%** 0.24%**
[6.62] [6.64] [6.50] [6.40] [6.48] [5.20] [5.33] [5.21] [6.95] (6.94]
SLAN 0.034 —0.022 0.028 —0.28%*  —(.33** —0.27FFF  —Q.28%FF  —(.28%FK (.38 —(.30%KF
[0.16] [—0.11] [0.14] [—2.04] [—2.55] [—4.88] [—4.91] [—4.97] [—7.85] [—7.87]
Fixed Effects:
Stock No Yes No No Yes No Yes No No Yes
Date No No Yes No Yes No No Yes No Yes
Trader No No No Yes Yes No No No Yes Yes
Observations 299,043 299,043 299,043 299,043 299,043 299,043 299,043 299,043 299,043 299,043
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Table 6. Retail Trading Costs in Options across Trader Types.

This table reports differences between relative effective spreads of signed and unsigned retail trades across trader types. We consider the following
groups: traders with a median trade duration lower than one day (“Fast trader”); traders with a median trade size less than $200 (“Low stakes”);
traders with a median trade size greater than $5,000 (“High stakes”); traders with a median number of trades per month lower than 10 (“Few
trades”); and traders with a median number of trades per month greater than 30 (“Many trades”). Signed effective spread is the product of the trade
direction and the difference between execution price and the quote midpoint, divided by the quote midpoint, scaled by 100. Unsigned effective spread
does not involve the trade direction. Averages and 95% confidence intervals of both quantities are estimates in sub-samples of the following trader
characteristics. Specifications control for date fixed effects, and standard errors are clustered by underlying ticker and date, with ¢-statistics reported
in brackets and symbols *, ** *** reflecting statistical significance given 10%, 5%, and 1% type I error levels, respectively.

Fast trader Low stakes High stakes Few trades Many trades
No Yes No Yes No Yes No Yes No Yes

Signed 1.146 1.046 0.97 1.384 1.084 0.614 1.059 1.188 1.17 1.002

[0.926,1.367] [0.835,1.256] [0.768,1.173] [1.133,1.635] [0.866,1.301] [0.545,0.683] [0.853,1.265] [0.891,1.484] [0.924,1.416] [0.814,1.190]
Unsigned 3.561 2.426 2.485 3.335 2.696 2.392 2.64 3.248 3.016 2.469

[2.953,4.168] [1.938,2.914] [1.966,3.003] [2.682,3.988] [2.141,3.251] [2.031,2.754] [2.105,3.176] [2.557,3.939] [2.390,3.643] [1.976,2.963]
Unsigned/Signed ratio 3.11 2.32 2.56 241 2.49 3.90 2.49 2.73 2.58 2.46
Observations 67,241 226,021 223,634 69,628 284,019 9,216 270,895 22,367 116,418 176,847




Table 7. Trading Cost Persistence.

This table shows persistence in retail trading costs. For each investor, we split her trading history into two
halves and computed EQ ratio for both periods. Low EQ ratio indicates low execution costs. We then sort
traders into portfolios/groups based EQ ratio during the first half of their tenure and report their future EQ
ratio and the probability of staying in the same portfolio. A low EQ ratio means low execution costs.

Panel A: all trades
Trader EQ Average EQ ratio, Average EQ ratio, Prob. of Staying in the

Ratio Quintile 1%t half 25¢ half Same EQ Ratio Quintile
1, Good —0.19 0.12 0.54
2 0.20 0.27 0.40
3 0.38 0.41 0.30
4 0.54 0.51 0.42
5, Bad 0.93 0.59 0.49

Panel B: TD trades
Trader EQ  Average EQ ratio, Average EQ ratio, Prob. of Staying in the

Ratio Quintile 15t half 2% half Same EQ Ratio Quintile
1, Good —0.25 0.17 0.54
2 0.19 0.27 0.38
3 0.37 0.40 0.30
4 0.55 0.49 0.31
5, Bad 0.99 0.55 0.48

Panel C: non-TD trades
Trader EQ  Average EQ ratio, Average EQ ratio, Prob. of Staying in the

Ratio Quintile 15t half 25 half Same EQ Ratio Quintile
1, Good —0.12 0.08 0.56
2 0.22 0.26 0.47
3 0.39 0.43 0.31
4 0.52 0.52 0.41
5, Bad 0.86 0.63 0.51
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Table 8. Retail Trading Costs in Options by Order Type.

This table reports summary statistics of signed relative effective spreads by order type, decomposing trades conditional on whether adjustment for
the effect of aggressive limit orders applies. Panel A, B, and C report statistics for, respectively, all trades, trades reflecting retail marker orders, and
trades reflecting retail limit orders. In each panel trades are decomposed based on whether the adjustment accounting for the effect of aggressive limit
orders, as described in Subsection 3.4 applies.

Panel A: All Retail Trades

Percentiles
Trades Observations Mean S.D. 1 5 25 50 75 95 99
All 299,485 1.07 497 —-9.23 —-341 -—-044 0.64 1.90 6.90 17.14
Needed Adjustment 66,459 0.56 541 —-11.76 —-3.58 —0.17 0.00 1.02 591 17.87
No Adjustment Needed 233,026 121 483 —-870 -—-3.39 -0.50 0.82 211 7.14  16.99
Panel B: Retail Trades - Market Orders
Percentiles
Trades Observations Mean S.D. 1 5 25 50 75 95 99
All 175,130 253 467 —-0.64 0.00 0.66 1.38 286  8.63 20.00
Needed Adjustment 13,957 039 571 —-1429 -3.05 0.00 000 0.80 498 15.69
No Adjustment Needed 161,173 2.72 452  0.00 0.26  0.76 1.47 299 870 2043
Panel C: Retail Trades - Limit Orders
Percentiles
Trades Observations Mean S.D. 1 5 25 50 75 95 99
All 124,355 —1.00 4.63 -14.19 —-6.06 —1.74 —-0.68 0.00 2.79 10.53
Needed Adjustment 52,502 0.60 532 —11.16 —3.68 —0.40 0.00 1.07  6.12 18.18

No Adjustment Needed 71,853 —-2.17 3.62 -—-1576 —-6.90 —-241 -1.20 -0.62 -0.14 0.00




Table 9. Determinants of Order Choice.

This table reports on the cross-sectional determinants of the retail option trade execution costs (Panel A) and
order type choices (Panel B). Trading cost, i.e., the true effective spread, on each signed retail trade is defined
as the product of the trade direction and the difference between execution price and the quote midpoint,
divided by the quote midpoint, scaled by 100. The limit order indicator equals 1 if a buy (sell) retail trade
is executed below (above) the quote midpoint and equals 0 otherwise. Each dependent variable is regressed
on the following variables: “Depth” measures the cumulative bad- and ask-side depth at the first two levels
of order book at the time of trade, in 1,000 contracts; “Volume” is the same-day total option trade volume,
in 1,000 contracts, in the underlying security; “Volatility” is the same-day absolute return of the underlying
security; “ODTE” is an indicator variable that equals 1 if the trade occurs on the contracts expiration date
and equals 0 otherwise; “Moneyness” is the underlying price divided by strike price for call options and as
strike price divided by underlying price for put options; “Buy trade” is an indicator variable that equals 1
if the trade is attributable to a retail buyer and equals 0 otherwise; “PFOF” is an indicator variable that
equals 1 if the trade occurs on an exchange allowing PFOF and equals 0 otherwise. Specifications control
for different combinations of underlying symbol, date, and trader fixed effects. Standard errors are clustered
by underlying symbol and date, with t-statistics reported in brackets and symbols *, ** ***  reflecting
statistical significance given 10%, 5%, and 1% type I error levels, respectively.

Panel A: True effective spread (%) Panel B: Limit-order indicator
Ln(Volume) —0.39%%F  —0.42FF*  —(.25%FF  —(.39%** —0.027*%*%  —0.017***  —0.0077  —0.026***
[—11.30] [—11.11] [—4.87] [—11.26] [—12.90] [—8.88] [—1.04] [—8.83]
Depth 0.18%** 0.17%** 0.17%%* 0.19%** —0.017*%%  —0.016*** —0.013*** —(.015%**
[10.06] [11.18] [12.82] [9.45] [—4.45) [—7.08] [—9.87] [—4.79]
Volatility 2.07HF* 1.62%** 0.41 197 0.27%%* 0.247%** 0.14%** 0.23%**
(3.57] (3.15] [0.80] [3.16] [4.37] [5.56] [2.93] [3.66]
PFOF 0.56%+* 0.45%+* 0.55%** 0.57H** —0.22%FF  —(Q.20%F*  —Q.22%Kk (. 22%FF
[5.18] [4.64] [5.27] [5.25] (—6.62] (—5.41] [—6.59] [—6.52]
Buy trade —0.43%%F 0. 41FFF  —(.42%FFF - (.43%FF 0.059%%*F  0.055%**  0.058%**  (.059%**
[—4.32] [—4.35] [—4.37] [—4.38] [6.29] [6.29] [6.22] [6.28]
O0DTE 0.68%*** 0.61%** 0.61%** 0.71%** 0.0047 0.021%** 0.00079 —0.0013
[5.56] [5.70] [5.66] [5.04] [0.55] [2.76] [0.10] [—0.16]
Moneyness —0.015%%*  —0.012%** —0.011%* —0.020*** 0.0013***  0.0011***  0.0011***  0.0012***
[—3.80] [-3.46]  [-241]  [-4.62] [14.09] [11.16] [5.98] [6.24]
Fixed Effects:
Trader No Yes No No No Yes No No
Underlying No No Yes No No No Yes No
Date No No No Yes No No No Yes
Observations 290,140 290,140 29,0140 290,140 290,140 290,140 290,140 290,140
Adjusted R? 0.025 0.056 0.064 0.029 0.068 0.141 0.078 0.074
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Table 10. Retail vs. Control Trades

This table reports on the determinants of retail option trading by comparing retail trades to control trades in the public OPRA data. FEach retail
trade is matched with five OPRA option trades immediately before and after in the same underlying stock to construct the control sample. We
examine three distinct samples: (1) the pooled sample combining retail and control trades, (2) a subsample focused on retail market orders and their
corresponding control trades, and (3) a subsample of retail limit orders and their corresponding control trades. The dependent variable is an indicator
equal to one for retail trades and zero for control trades. Independent variables include indicators for: SLIM (auction trades), PHLX (trades on
PHLX), Single-lot and Round-lot (trade size), 1 ExQNBBO (one exchange at NBBO), 0-DTE (zero-day-to expiration), PFOF (payment for order
flow exchanges). We also control effective spreads and underlying symbol, date, and trader fixed effects. Standard errors are clustered by underlying
symbol and date, with t-statistics reported in brackets and symbols *, ** *** reflecting statistical significance given 10%, 5%, and 1% type I error
levels, respectively.

Variable Share of Trades All Retail Retail Market Retail Limit
SLIM 22.6% 0.0033 0.0037 0.0046 0.000054 0.00029 0.0012 0.012 0.012 0.013
[0.85] [0.97] [1.18] [0.00] [0.02] [0.09] [0.89] [0.87] [0.95]
PHLX 7.3% 0.0093** 0.0081* 0.0092* 0.028%** 0.027%** 0.028%** —0.015%*¥*  —0.016%**  —0.015%**
[2.02] [1.69] [1.93] [3.29] [3.19] [3.26] (—4.75] [—5.40] [—4.91]
SLIM*PHLX 5.6% 0.080*** 0.081%*** 0.081%** 0.080%*** 0.081%*** 0.081%*** 0.083*** 0.085%** 0.084***
[7.67] [7.91] [7.77) [4.29] [4.21] [4.25] [19.92] [18.82] [19.97]
Single-lot 54.3% 0.060%** 0.060%** 0.060%** 0.066*** 0.066%** 0.066*** 0.055%** 0.056%** 0.056%**
[19.59] [21.84] [20.16] [21.07] [22.68] [21.17] (13.31] [16.32] [14.35]
Round-lot 24.2% 0.036%** 0.035%** 0.036%** 0.034%** 0.034%** 0.034%** 0.041%** 0.041%** 0.041%**
[14.56] [15.00] [14.64] [14.61] [14.78] [14.44] [10.11] [10.98] [10.48]
1 Ex@NBBO 45.4% —0.0048%FF  —0.0050***  —0.0049%*** —0.034%FF  —0.034FFF  —0.034*** 0.033*** 0.034*** 0.033***
[—5.99] [—8.18] [—6.82] [—6.04] [—6.11] [—6.17] [7.95] [7.70] [7.72]
0-DTE 16.8% 0.037*** 0.052%** 0.040%** 0.040*** 0.053*** 0.042%** 0.040%** 0.057*** 0.043%**
[8.54] [8.95] [8.24] [8.55] [8.58] [8.12] [7.47] [9.32] [7.28]
PFOF 35.3% —0.0050** —0.0047** —0.0059** 0.016%** 0.016%** 0.015%** —0.038%*F*  —0.038*%*F*  —(0.038%**
[—2.16] [—2.00] [—2.51] [3.87] [3.84] [3.72] [—9.85] [—9.82] [—9.81]
Effective Spread (%) —0.00033*%*  —0.00090***  —0.00054*** 0.00062** 0.00034 0.00051* —0.0018%F*F  —0.0024***  —0.0019***
[—2.44] [—4.55] [—3.57] [1.99] [1.02] [1.68] [—10.95] [—9.18] [—10.45]
Fixed effects:
Underlying No Yes No No Yes No No Yes No
Date No Yes No No Yes No No Yes No
Trader No No Yes No No Yes No No Yes
Observations 3,050,556 3,050,556 3,050,556 1,680,400 1,680,400 1,680,400 1,203,305 1,203,305 1,203,305

Adjusted R? 0.013 0.014 0.014 0.023 0.023 0.024 0.016 0.016 0.016




A Appendix

Table A.1. Summary of the journal-OPRA merge process.

This table summarizes the number of trades from trading journal data to OPRA. The first column lists
the number of journal trades that can be matched with at least one OPRA trade (by underlying symbol,
date, timestamp, strike price, call vs. put indicator, transaction price, and expiration date) and the as
well the number of journal trades that cannot be matched with OPRA. Matched trades with missing trade
sizes in the journal data or those whose the trade size reported in the journal data differs from that in
OPRA are excluded. Remaining journal-to-OPRA matched trades are split into one-to-one matches as
well as one-to-many, many-to-one, and many-to-many matches, with the numbers of data rows for each
category are reported in the middle column. Only one randomly selected row from each set of duplicates
rows corresponding to any of the last three match categories are retained, and the resulting numbers of
unique matches corresponding to each category are presented in last column.

Description Journal data Raw journal-OPRA merge Sample without duplicates
Tades matched with OPRA: 439,877 781,022 377,041
One journal to one OPRA 290,897 290,897 290,897
One journal to many OPRA 122,363 449,559 79,499
Many journal to one OPRA 12,622 12,622 4,360
Many journal to many OPRA 13,995 27,944 2,285
Trades not matched with OPRA 481,245 N/A N/A
Total - no filter 921,122 781,022 377,041
Total - 2" best bid > 10¢ N/A N/A 299,485
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Table A.2. Retail Trading Costs in Options for Brokers other than TD.

This table reports relative bid-ask spreads for retail and control sample option trades that are not from
TD broker. True effective spreads use verified trade direction and are computed as twice the percentage
difference between the execution price and pre-trade midquote. For each spread measure, we report the
number of observations, mean, standard deviation, and key percentiles of the distribution.

Percentiles
Retail Sample Spreads (%) Observations Mean S.D. 1 5 25 50 75 95 99
True Effective 120,896 0.29 260 —-6.54 —-246 -049 0.26 090 3.45 &8.11
Conventional Effective 120,896 1.34 226 0.00 0.11 0.35 0.70 148 4.35 10.48
Conventional Quoted 120,896 1.92 314 0.12 0.21 0.52 1.00 2.08 6.47 14.29
Control Sample Spreads (%)
Conventional Effective 765,573 1.38 254  0.00 0.10 034 0.70 1.51 4.48 11.11
Conventional Quoted 765,573 1.83 3.10 0.10 0.19 048 094 196 6.06 14.29
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Table A.3. Retail vs. Control Trades: Univariate Analysis

This table reports on the determinants of retail option trading by comparing retail trades to control trades in
the public OPRA data. Each retail trade is matched with five OPRA option trades immediately before and
after in the same underlying stock to construct the control sample. We examine three distinct samples: (1)
the pooled sample combining retail and control trades, (2) a subsample focused on retail market orders and
their corresponding control trades, and (3) a subsample of retail limit orders and their corresponding control
trades. The dependent variable is an indicator equal to one for retail trades and zero for control trades.
Independent variables include indicators for: SLIM (auction trades), PHLX (trades on PHLX), Single-lot
and Round-lot (trade size), 1 Ex@NBBO (one exchange at NBBO), 0-DTE (zero-day-to expiration), PFOF
(payment for order flow exchanges). Standard errors are clustered by underlying symbol and date, with
t-statistics reported in brackets and symbols *, ** *** reflecting statistical significance given 10%, 5%, and
1% type I error levels, respectively.

Panel A: all retail, all control

Constant 0.092***  0.093%**  0.077*** 0.099*** 0.10%** 0.092*** 0.094***

[68.60]  [102.99]  [43.86] [74.30] [89.51] [32.45] [63.38]
SLIM 0.026%**

[2.94]
PHLX 0.068***

[12.58]
Single-lot 0.039%**
[14.22]
Round-lot —0.0054**
[~1.97]
1 Ex@NBBO —0.0054%**
[—9.36]
0-DTE 0.035%**
[7.24]
PFOF 0.012*
[1.91]

Panel B: retail market, corresponding control

Constant 0.094%*%*  0.096***  (0.079*** 0.11%%* 0.12%%* 0.098*** 0.089***

[20.20]  [41.74]  [48.09]  [105.39] 29.02] (36.63] [17.95]
SLIM 0.040%*

[1.97]
PHLX 0.10***

[8.93]
Single-lot 0.046***
[14.02]
Round-lot —0.010%**
[~3.65]
1 Ex@NBBO —0.037***
[—5.21]

Continued on next page
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Table A.3 —

continued from previous page

0-DTE 0.038%**
[6.90]
PFOF 0.039%%*
[2.73]
Panel C: retail limit, corresponding control

Constant 0.10%** 0.10%** 0.085%** 0.10%** 0.086*** 0.098%** 0.11%%*

[56.36]  [147.65]  [48.89) [108.84] [25.80] [42.06]  [114.89]
SLIM 0.0077

[0.85]
PHLX 0.021%**

[3.66]
Single-lot 0.033***
[13.20]
Round-lot 0.0014
[0.41]
1 Ex@NBBO 0.036***
[6.53]
0-DTE 0.037#**
[6.79]
PFOF —0.028%**
[~9.12]
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Figure A.1. Normalized Transaction Prices of Retail Option Trades: Conditional on the
Number of Exchanges at NBBO.

The figure presents the distribution of execution price within the quoted spread. Normalized transaction
price is defined as the actual transaction price minus the corresponding best bid price, divided by the bid-ask
spread.
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