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Abstract

This paper provides causal evidence on the role of high-frequency trading (HFT) in option market
liquidity. To address the endogeneity of HFT participation, we exploit the 2012 KOSPI200 option
multiplier increase as a quasi-natural experiment that exogenously reduced HFT activity to varying
degrees across option characteristics, which we leverage in an instrumental variables framework.
Using account-level transaction data, we find that declining HFT activity significantly widens both
quoted and effective bid—ask spreads, while increases in non-HFT activity are associated with
deteriorating liquidity. Our findings establish a causal relationship between HFT and enhanced

liquidity, providing empirical support for the positive role of HFT in option markets.
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1. Introduction

High-frequency trading (HFT) has become a dominant feature in modern financial markets?, yet
its overall impact on market liquidity remains controversial. On the one hand, HFT may improve
market quality by facilitating faster price discovery and narrowing bid-ask spreads through
competitive liquidity provision (e.g., Hendershott, Jones, and Menkveld, 2011; Hasbrouck and
Saar, 2013). On the other hand, the speed advantage of HFT may impose adverse selection costs
on slower traders, generate negative externalities, and ultimately discourage market participation
(e.g., Brogaard, Hendershott, and Riordan, 2017; Egginton, Van Ness, and Van Ness, 2016; Ye,
Yao, and Gai, 2013). Reflecting these competing mechanisms, the existing empirical evidence on

the liquidity effects of HFT is mixed across markets, asset classes, and sample periods.

A central challenge in this literature is identification. HFT activity and market liquidity are jointly
determined in equilibrium: high-frequency traders (HFTRs) adjust their trading strategies in
response to prevailing liquidity conditions, while their trading simultaneously affects liquidity. As
a result, simple correlations between HFT activity and liquidity outcomes are difficult to interpret
causally. Overcoming this simultaneity problem requires plausibly exogenous variation in HFT

participation that is orthogonal to other determinants of market liquidity.

This paper studies the causal relationship between HFT and liquidity in the KOSPI200 options
market by exploiting a quasi-natural experiment: the Option Multiplier Increase (OMI). In June
2012, Korean authorities raised the contract multiplier for KOSPI200 options from KRW 100,000
to KRW 500,000 for contracts expiring thereafter. This institutional change uniformly increased
the notional size of all option contracts, leading to a sharp decline in trading volume and a
deterioration in market liquidity documented in prior studies. Importantly, the multiplier increase
generated a large and plausibly exogenous shock to HFT participation, as HFT strategies rely
critically on high trading turnover and thin per-trade margins. While the increase in contract size
may raise per-trade revenues, the substantial contraction in trading volume following the OMI is

likely to have reduced overall HFT profitability, inducing a withdrawal of HFT activity.

! The SEC’s Concept Release on Equity Market Structure (2010) noted that estimates of HFT typically exceed a half
of total volume in the U.S. equity markets.



We leverage this institutional setting to examine the causal effect of HFT on option market liquidity.
To establish causality, we employ an instrumental variables approach that exploits systematic
cross-sectional variation in HFT trading preferences across option characteristics. Using account-
level transaction data, we show that HFT participation varies nonlinearly with option moneyness
and time to maturity, and that this pattern is stable around the OMI. As a consequence, the uniform
multiplier shock induces heterogeneous changes in HFT activity across option contracts depending
on their position in the moneyness—maturity space. We use this heterogeneity as instruments for
HFT participation and identify its causal impact on bid-ask spreads and related liquidity measures.
Our identification strategy parallels Brogaard, Hendershott, and Riordan (2017), but is adapted to

the institutional features of option markets.

Our main results show that HFT plays a positive causal role in option market liquidity. Following
the OMI, relative HFT activity declines, particularly in option segments where HFTRs were
previously concentrated their trading. Instrumental-variable estimates indicate that an exogenous
reduction in HFT participation leads to significant increases in quoted and effective bid-ask spreads,
implying a deterioration in market liquidity. In contrast, increases in non-HFT activity are
associated with wider spreads and higher transaction costs. Further analysis reveals that both
liquidity-supplying and liquidity-demanding HFT activities contribute to narrower spreads, while
HFT participation also reduces realized spreads and price impact. Together, these results suggest
that HFTs act primarily as liquidity providers in the option market and that their withdrawal
following the OMI contributed to the observed decline in market liquidity.

This paper makes three contributions to the literature on HFT and market liquidity. First, we
provide novel evidence on the trading behavior and liquidity role of HFTRs in option markets.
While a large body of existing research focuses on equity and futures markets, empirical evidence
on HFT in option markets remains limited. We document systematic and stable trading preferences
of HFTRs across option moneyness and time to maturity. Second, we identify the causal effect of
HFT on option market liquidity. Our instrumental variables approach addresses the simultaneity
between HF T activity and liquidity that complicates inference in prior studies. Third, we show that
the documented deterioration in option market liquidity following the OMI is partly attributable to
the withdrawal of HFTRs. Our results highlight HFT participation as an important channel through

which regulatory interventions in derivative markets can affect market liquidity.



The rest of the paper is organized as follows. Section 2 explains the identification strategy and
related literature. Section 3 describes our dataset and descriptive statistics. In Section 4, we outline
our empirical methodology. Section 5 presents the main results, and Section 6 addresses robustness

checks. In Section 7, we summarize the paper.

2. Institutional Background and Identification Strategy

A central challenge in estimating the causal effect of HFT on market liquidity is simultaneity:
HFTRs adjust their trading strategies in response to prevailing liquidity conditions, while their
trading activity simultaneously affects liquidity. As a result, simple correlations between HFT
activity and liquidity outcomes are difficult to interpret causally. Our identification strategy
addresses this challenge by exploiting the OMI as a source of plausibly exogenous variation in

HFT participation.

In December 2011, the Korean authorities announced an increase the option contract multiplier for
KOSPI200 options from KRW 100,000 to KRW 500,000, applicable to options expiring from July
2012 onward.? Following the OMI, overall trading volume declined sharply and market liquidity
deteriorated.®> This institutional change also adversely affected HFTRs who rely heavily on high
trading turnover and low per-trade margins. While the increase in contract size may raise revenues
per transaction, the substantial contraction in trading volume after the OMI is likely to have

reduced overall HFT profitability, leading to a withdrawal of HFT activity.

Importantly, the OMI does not directly target HFTRs, nor does it differentially affect option
contracts with specific characteristics. The multiplier increase uniformly scales contract size across
all options. Consequently, any heterogeneous response of HFT activity across options contracts

reflects HFT trading preferences rather than the regulatory shock itself. For example, as shown in

2 The authorities increased the option multiplier to curb the abnormally large trading volume in the derivative market,
mitigate volatility spillovers to the stock market, and reduce losses incurred by individual investors.

3 For example, Lee (2014) documents a significant decrease in daily trading volume and open interest are sharply
decreased after the OMI. Kim and Kim (2017) find a contraction of volatility spread and an increase of liquidity
premium following the OMI, with these effects being more pronounced for puts than for calls.



Section 3.4, HFT activity is disproportionately concentrated in at-the-money (ATM) options and
(short-maturity) out-of-the-money (OTM) options both before and after the OMI.

We exploit this heterogeneity by constructing instrumental variables that interact the post-OMI
indicator with option characteristics—moneyness, days to maturity, and their interaction—that
capture differential exposure to the multiplier shock. These instruments satisfy the exclusion
restriction because there is no reason to expect the OMI to differentially affect liquidity across
option characteristics except through its impact on HFT participation. Under this framework, a
larger post-OMI increase in spreads for option segments with greater HFT withdrawal indicates

that HFT activity improves market liquidity.

Our identification strategy is closely related to Brogaard, Hendershott, and Riordan (2017), who
exploit cross-sectional differences in HFT versus non-HFT short selling during the short-sale ban
to identify the effects of HFT in equity markets. We adapt this approach to the options market,
where systematic variation in HFT trading preferences across contract characteristics provides a

natural source of cross-sectional identification.

3. Data and Descriptive Statistics
3.1 Data

Our analysis is based on transaction-level data covering all KOSPI200 options. Each trade record
is time-stamped to the millisecond and contains encrypted account identifiers, order acceptance
number, and order acceptance time for both the ask and bid sides. The account-level identifiers
allow us to track trading activity at the account level and distinguish between HFTRs and non-
HFTRs. The combination of order acceptance times and time-ordered order acceptance numbers
enables precise identification of trade initiation without relying on the Lee and Ready (1991)
algorithm or bulk volume classification methods (Easley, Lopez de Prado, and O’Hara, 2012).*

This feature allows us to accurately classify trades as buyer- or seller-initiated.

4 Since order acceptance timestamps are measured at the millisecond resolution, they may not always uniquely
determine whether the bid or the ask was accepted first. When such ambiguity arises, the order acceptance number
provides an exact ordering of submissions, enabling accurate identification of the trade-initiating side.



KOSPI 200 options expire on the second Thursday of each month, and trading activity is
overwhelmingly concentrated in the nearest-to-maturity contract. Accordingly, our analysis
focuses exclusively on front-month options. Because the option multiplier increase first applied to
contracts expiring in July 2012, we construct the sample around the June 2012 expiration.
Specifically, the sample includes front-month options from the first trading day after the May 2012
expiration through the July 2012 expiration date, covering one maturity cycle before and after the
multiplier increase. The resulting sample spans from May 11, 2012 to July 12, 2012, comprising
23 pre-OMI and 20 post-OMI trading days.®

Focusing to this narrow maturity-to-maturity window allows us to isolate the immediate impact of
the multiplier increase while minimizing contamination from other institutional changes, market-
wide shocks, or gradual shifts in market participation. This design is particularly well suited to
option markets, where liquidity and trading behavior exhibit strong expiration-related patterns. By
aligning the pre- and post-event periods by contract maturity, we ensure that comparisons are made
across economically comparable phases of the option life cycle, thereby mitigating confounding

maturity effects.

3.2 HFTR identification

We identify HFTRs as accounts who repeatedly buy and sell throughout the trading day while
maintaining minimal inventory positions. To operationalize this definition, we construct three
account-level measures of trading activity for each trading day. For each account i and trading day
d, we compute the following measures. First, we measure total trading activity as the total trading

volume across all tradable options:

TotOptVol;; = Z OptVol;jq
J

5 As presented in Section 4, this sample construction yields a balanced panel across option cohorts, enabling clean
within-entity, within-day identification with entity and day fixed effects. The resulting balanced structure strengthens
internal validity and facilitates a transparent interpretation of the estimated coefficients as the short-run causal effects
of the option contract multiplier increase.



where OptVol;;, is the trading volume of account i for option j on day d.

Second, we compute the trading-volume-weighted average of the absolute ratio of the end-of-day

net position to daily trading volume:

|NetPosijd,t=365|
Z] < OptVolijd X OptVOlijd

Z] OptVOlijd

RelAbsNetPos;; =

where NetPos;jq is the net inventory position of account i for option j in minute ¢ on day d. This
measure captures the extent to which an account carries inventory overnight relative to its trading
activity. Third, we measure intraday inventory mean reversion as the trading-volume-weighted
average of the square root of the daily mean squared deviations of minute-by-minute net positions

from the end-of-day net position, scaled by daily trading volume:

2
L 365 (NetPosijdt — NetPosl-jd,t=365>
2j 365 &t=1 OptVol 4 X OptVol;jq

InvMeanRev;; = S OptVol,
J ij

An account is classified as an intraday intermediary if it satisfies the following criteria.

(i) géiAni[TotOptVolid] >10

(ii) Di aca, RelAbsNetPos,y < 5%
(iii) DliszAi InvMeanRev,y < 1%
(iv) = = 50%6

Here, A; is the set of trading days on which account i is active, D; is the number of active trading
days for account i, and D is the total number of trading days in the sample. Criteria (i)-(iii)

identify traders with non-negligible trading volume, near-zero end-of-day inventories, and strongly

6 This threshold ensures that each account observed in both the pre-and post-OMI periods, facilitating a meaningful
assessment of the OMI-induced structural change. For example, some HFTR accounts that traded continuously prior
to the option multiplier increase may cease to participate in the market following the increase.



mean-reverting intraday inventory dynamics, while criterion (iv) ensures sustained market
participation. Among the accounts that satisfy all four criteria, we classify the twenty-six most

active accounts—ranked by total trading volume—as HFTRs.’

All remaining accounts are
classified as non-HFTRs. Our classification approach builds on the methodology of Kirilenko,
Kyle, Samadi, and Tuzun (2017) and its variations®, with careful adaptations to fit our empirical

setting.
<Figure 1>

After identifying HFTRs, all trades are categorized into four types: HH, HN, NH, and NN, where
“H” denotes HFTRs and “N” denotes non-HFTRs. The first letter indicates the initiating party,
whereas the second letter denotes the counterparty who provides quotes.® Based on this

classification, we define liquidity-demanding and liquidity-supplying HFT activities as
HFTP = HN + 0.5 X HH, HFT®S = NH + 0.5 X HH,

respectively. Total HFT activity is measured as HFT = HFT? + HFTS. Finally, all HFT activity
measures are expressed in relative terms by scaling them by total daily trading volume. Non-HFT

activity measures are defined in the analogous fashion.

3.3 Variable definition

In this study, we measure liquidity using quoted spread and effective spread. The quoted spread is
defined as the difference between the best ask and best bid quotes relative to the prevailing mid-
quote, while the effective spread is defined as the absolute difference between the transaction price
and the prevailing mid-quote, scaled by the mid-quote. These measures are computed at the option
level and aggregated to the cohort—day level using trading-volume weights. To further decompose

transaction costs, we measure realized spread (RS) and price impact (PI) by decomposing the

" Trading volume declines sharply starting from the 27th-ranked account, and the top 26 HFTR accounts together
account for more than 78% of the total trading volume of the 227 intraday intermediary accounts.

8 For instance, see Kang, Kang, and Kim (2018), Kang, Kwon, and Kim (2020), and Garriott, van Kervel, and Zoican
(2025).

9 Specifically, trades classified as HN correspond to transactions in which HFTR hits quotes submitted by non-HFTRs.



effective spread using the mid-quote five minutes after the trade. The realized spread is defined as
the difference between the transaction price and the mid-quote five minutes after the trade, scaled
by the prevailing mid-quote at the time of the trade. Price impact is defined as the change in the
mid-quote over the five-minute window following the trade, scaled by the prevailing mid-quote at

the time of the trade.

As other variables used in this study, volatility is calculated using three different estimation
methods, all derived from daily price data and converted to annual figures based on a 252-trading-
day year. Annualized Realized Volatility (%), uses logarithmic returns calculated from closing
prices. Annualized Parkinson Volatility Estimate (%), relies on the spread between daily high and
low prices. Annualized Yang & Zhang Volatility Estimate (%), integrates opening, high, low, and

closing prices to account for price fluctuations occurring both during trading hours and overnight.

3.4 Descriptive statistics

Table 1 presents descriptive statistics for key variables before and after the OMI. The number of
active options declines significantly, from an average of 58.9 contracts per day before the OMI to
49.8 afterward. The fivefold increase in the contract multiplier is accompanied by a sharp
contraction in trading activity: total trading volume falls to approximately one-fifth of its pre-OMI
level, from 12.55 to 2.36 million contracts, and total trade value also declines significantly. By
contrast, quoted and effective bid—ask spreads do not exhibit statistically significant changes over

this period, and standard measures of return volatility remain broadly stable.

The most pronounced changes occur in market participation. Relative HFT activity decreases
substantially, from 60.37% to 47.04%, with both liquidity-demanding and liquidity-supplying HF T
trades declining significantly. In contrast, relative non-HFT activity increases over the same period.
Inventory capacity for both HFTRs and non-HFTRs also falls sharply, to roughly one-fifth of pre-
OMI levels. Together, these patterns indicate that the OMI led to a marked shift in market
participation, disproportionately affecting HFTRs.

<Table 1>



To further examine trading activity around the option multiplier increase, Figure 2 plots time-series
patterns before and after the OMI. Trading volume declines sharply at the time of the OMI across
all trade types. The relative share of HFT declines around the OMI, while the share of non-HFT
increases. The decomposition into liquidity-demanding and liquidity-supplying trades shows that

both components of HFT activity decrease following the multiplier increase.
<Figure 2>

To formally assess changes in trading activity around the OMI, we regress relative HFT measures
on a post-OMI indicator, controlling for intraday volatility and days to maturity. As reported in
Table 2, relative HFT activity is lower in the post-OMI period by 11.30 percentage points (p <
0.01), with both liquidity-demanding and liquidity-supplying HFT activity declining significantly.
Over the same period, relative non-HFT activity is higher by 5.60 percentage points (p < 0.01).
These results document a significant change in the composition of trading activity following the

OML

<Table 2>

3.5 Cross-sectional evidence of HFT activity

We examine cross-sectional patterns in HFT activity across options with different characteristics.
Specifically, we analyze relative HFT activity by option moneyness and days to maturities. To this
end, options are classified into five moneyness categories: deep out-of-the-money (DOTM), out-
of-the-money (OTM), at-the-money (ATM), in-the-money (ITM), and deep in-the-money (DITM).

Moneyness is defined as

B (Strike price)
r= (Previous day closing value of the KOSPI 200 index)

For call (put) options, moneyness categories are defined as follows:
® 1> 1.06: DOTM (DITM)

® 1.03 <r < 1.06: OTM (ITM)

10



® (.97 <r <1.03: ATM (ATM)
® (094 <r<097:1TM (OTM)
® r < 0.94: DITM (DOTM)
<Figure 3>

Figure 3 plots relative HFT activity across five moneyness categories and days to maturity. Warmer
colors indicate option groups in which HFTRs account for a higher share of trading volume, while
cooler colors indicate lower participation. Overall, HFT activity is relatively high in ATM options
and in OTM and DOTM options over a range of short-to-medium maturities, whereas participation
in DITM options is consistently low. The figure also shows that HFT participation varies across
maturities within each moneyness group, with elevated activity in several short-dated OTM and

DOTM segments.

The cross-sectional patterns in HFT activity observed in Figure 3 are consistent with prior evidence
that high-frequency traders are more active in environments with larger relative tick sizes. Relative
HFT participation varies systematically across moneyness and time-to-maturity dimensions, with
particularly low activity in DITM options and higher activity in ATM and certain OTM contracts,
where tick-to-price ratios and quoted spreads tend to be larger. The observed distribution of HFT
activity across option contracts is consistent with supply-side incentives documented in the
literature (O'Hara, Saar, and Zhong, 2019; Verousis, Perotti, and Sermpinis, 2018; Yamada,
2022).1°

Figure 4 decomposes HFT activity into liquidity-demanding and liquidity-supplying components
across moneyness and time-to-maturity categories. Across most option groups, the relative share
of liquidity-supplying HFT trades exceeds that of liquidity-demanding trades, particularly in ATM

and OTM options. Participation in DITM options remains limited on both sides. These patterns

10 Prior studies (e.g., Ahn and Kim; 2017) document that retail investors in the KOSPI200 options market tend to
concentrate their trading in out-of-the-money options, often motivated by lottery-like speculative payoff structures.
While we do not directly analyze retail order flow in this paper, such trading patterns may contribute to cross-sectional
differences in liquidity conditions across option contracts.

11



indicate that HFT activity in this market is more frequently associated with liquidity-supplying
trades than with liquidity-demanding trades.

<Figure 4>

We next examine whether the cross-sectional distribution of HFT activity across moneyness and
time-to-maturity categories changes after the option multiplier increase. Figure 5 compares heat
maps of relative HFT activity before (Panel A) and after (Panel B) the event. Across the two periods,
relative HFT activity continues to vary systematically with moneyness and maturity, with lower
participation in DITM options and relatively higher participation in ATM and certain OTM
segments. The cross-sectional ordering of HFT preferences remains broadly similar before and
after the OMI, suggesting that the relative distribution of HFT participation across option

characteristics is largely preserved.
<Figure 5>

Crucially, however, comparing Panels A and B reveals that the magnitude of decline varies
substantially across option groups. The reduction in HFT activity is most pronounced in option
categories where HFT was initially most active—particularly ATM and OTM options—while
DITM options, where HFT participation was already lower, experience smaller declines. This
cross-sectional pattern forms the basis of our identification strategy. Because HFT trading
preferences vary systematically across moneyness and maturity dimensions, the uniform multiplier
shock generates differential changes in HFT activity depending on the extent to which HFTs are
active in each segment. We exploit this cross-sectional heterogeneity—where options with initially
higher HFT participation experience larger exogenous reductions in HFT activity—to identify the

causal effect of HFT on market liquidity.

To capture this heterogeneity, we construct instruments by interacting the post-OMI indicator with
option characteristics related to moneyness and time to maturity. Specifically, we include
interactions between the OMI dummy and moneyness, as well as its squared term (OMI X
moneyness and OMI x moneyness?). The quadratic specification allows us to capture the nonlinear
pattern observed in Figure 5, where HFT activity—and thus the OMI-induced decline—is
concentrated in ATM and OTM options rather than being linear in moneyness. To further account

for variation across the maturity dimension, we additionally include interactions between the OMI

12



dummy and moneyness interacted with days to maturity (DTM), along with the corresponding
squared term (OMI x moneyness x DTM and OMI % moneyness? x DTM). These maturity-
contingent interactions capture HFTs’ tendency to trade deeper OTM options as expiration
approaches, allowing the instruments to flexibly accommodate how the OMI’s impact varies not
only across moneyness but also across the option lifecycle. Because the OMI did not differentially
target specific option characteristics, these interactions isolate variation in HFT participation
driven by pre-existing cross-sectional differences, providing a source of exogenous variation

suitable for our instrumental variables estimation.

4. Empirical Specification

We examine how the OMI affected liquidity in the KOSPI200 options market. A direct option-
level panel is not feasible because the OMI coincides with the expiration of the pre-event option
series: all contracts traded before the event expire immediately prior to the policy change. This

institutional feature creates two identification challenges.

The first challenge is composition bias arising from contract rollover. The OMI coincides with the
monthly expiration of front-month KOSPI200 option contracts, where trading activity is heavily
concentrated. As contracts approach expiration, liquidity and trading behavior change
mechanically, and the effective trading universe shifts to newly listed contracts after expiration.
These predictable rollover dynamics can induce changes in observed liquidity that are unrelated to
the OMI itself. If not properly accounted for, such mechanical effects may be confounded with the

impact of the policy intervention.

The second challenge concerns the feasibility of fixed-effects estimation at the option level.
Identifying the causal effect of the OMI requires comparing liquidity outcomes for the same
economic entities before and after the policy change. However, because all pre-OMI option

contracts expire prior to the event, no individual contract spans the event window. As a result, an

1 For example, trading activity in DOTM options tends to decline mechanically as contracts approach expiration,
when remaining time value is minimal and bid—ask spreads are wide. When new contracts are listed after expiration,
trading activity in these moneyness regions typically resumes and spreads narrow. If unaccounted for, such predictable
rollover dynamics may induce spurious correlations between changes in HFT activity and observed liquidity measures.

13



option-level panel with contract fixed effects cannot be constructed, motivating the need for an

alternative panel structure.

To address these issues, we construct a continuous panel using a cohort-matching approach. Each
cohort consists of options with similar economic characteristics and is treated as a persistent panel
entity over time. Cohorts are defined based on standardized moneyness and option type (call or
put), which allows us to track economically comparable contracts before and after the OMI. A key
feature of our design is that moneyness cohorts are defined using fixed cutpoints anchored to the
pre-OMI distribution. We first standardize option moneyness within each trading day by
transforming raw moneyness into a cross-sectional z-score. This normalization removes day-
specific shifts in the underlying index level and volatility and ensures comparability of moneyness
over time. Using the pre-OMI sample, we then compute quantile-based cutpoints from the
standardized moneyness distribution and hold these thresholds fixed throughout the sample period.
Options are assigned to one of 20 fixed moneyness bins based on these pre-determined cutpoints
and are further classified by option type, yielding 40 distinct cohorts in total. A cohort identifier is

defined as the interaction of moneyness bin and option type.

Because cohort membership is determined by pre-event thresholds, options do not mechanically
switch moneyness categories in response to post-OMI price movements or volatility changes. This
fixed-bin cohort construction is central to our identification strategy, as anchoring cohort
definitions to the pre-OMI distribution eliminates endogenous resorting across moneyness groups
and ensures that post-event changes in liquidity within a cohort reflect changes in trading behavior
rather than mechanical reclassification. The approach therefore provides a conservative test of the

OMTI’s impact on market liquidity.

The empirical analysis is conducted at the cohort—day level. Option-level variables are aggregated
within each cohort using trading volume as weights to reflect economically meaningful activity.
To mitigate noise from extremely illiquid contracts, we exclude cohort—day observations with an
average daily trading volume below 50 contracts. To further isolate the OMI effect from transitory
microstructure distortions, we exclude option expiration days from the baseline sample. Trading
behavior and liquidity on expiration days are atypical due to settlement-related trading, rapid time

decay, and mechanical position unwinding. Excluding these observations reduces high-frequency

14



noise unrelated to the policy intervention. Our findings are robust to alternative sample
construction choices, as shown in Section 5. This procedure yields a balanced panel of
economically comparable cohorts observed before and after the OMI, allowing consistent
estimation with cohort and date fixed effects while effectively controlling for contract rollover

effects.

Using this cohort-based panel, we estimate the following reduced-form regression to examine how

the OMI is associated with changes in option market liquidity:

Spread;; = a + ,(PostOMI, X Moneyness;;) + B,(PostOMI, X Moneyness?3)
+ B3(PostOMI, X Moneyness;; X DT M;;)
+ B4(PostOMI, x Moneyness? X DTM;;) + Controls + CohortFE
+ DateFE + ¢;

Here, Spread;; denotes the quoted or effective spread of cohort i on day t; Moneyness;;
measures option moneyness, and DT M;, denotes days to maturity; PostOMI, equals one in the
post-OMI period and zero otherwise. Cohort fixed effects (CohortFE) absorb time-invariant
characteristics of each cohort, while date fixed effects (DateFE) control for market-wide variation
in liquidity over time. The vector of control variables (Controls) captures additional contract- and

market-level factors.

Table 3 reports reduced-form regressions of quoted and effective spreads on interactions between
the post-OMI indicator and option characteristics. The interaction terms are jointly significant,
indicating that the association between the OMI and option liquidity varies systematically across
moneyness and maturity dimensions. In particular, the coefficients on the moneyness and squared
moneyness interactions imply a nonlinear relationship, with larger spread increases for contracts
further away from at-the-money.*? The additional interactions with days to maturity indicate that

the moneyness-related effects of the OMI also vary over the option life cycle. Overall, the reduced-

2 The estimated coefficients imply that the effect of the OMI on spreads is asymmetric across moneyness and reaches
its maximum away from at-the-money, with the location of the extremum lying on the positive moneyness side.
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form results show that spreads are higher in the post-OMI period, with heterogeneous effects

across option contracts.

<Table 3>

We extend the reduced-form analysis to an instrumental variables framework using the interaction
terms introduced above. Specifically, we implement a two-stage least squares (2SLS) approach
that exploits variation in HFT activity induced by the OML. In the first stage, measures of relative
HFT activity—including total, liquidity-demanding, and liquidity-supplying HFT—are regressed
on interactions between the post-OMI indicator and option characteristics. In the second stage,
liquidity outcomes are regressed on the fitted values of HFT activity obtained from the first stage.

Formally,

First stage:

RelHFT; = my + my(PostOMI, X Moneyness;;) + m,(PostOMI, x Moneyness?) +
nt3(PostOMI, x Moneyness; X DTM;;) + m,(PostOMI, X Moneyness’ x DTM;;) +
Controls + CohortFE + DateFE + v;;

Second stage:

Spread;; = yo + y1(RelHFT,) + Controls + CohortFE + DateFE + u;;

We estimate separate specifications for total HFT activity, liquidity-demanding HFT, liquidity-
supplying HFT, and non-HFT activity.

5. Main Results

Panel A of Table 4 reports the first-stage regressions linking the OMI instruments to measures of
trading activity. For relative HFT activity, the coefficient on the interaction between PostOMI and
squared moneyness (PostOMI x Moneyness’) is negative and statistically significant, indicating
that HFT participation declined more in contracts further away from at-the-money following the
multiplier increase. The corresponding interaction with days to maturity (PostOMI x Moneyness’
x DTM) is positive and significant, implying that this nonlinear moneyness effect is attenuated for

longer-dated options and is therefore stronger for short-maturity contracts. This cross-sectional
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pattern is consistent with HFT activity being more sensitive to increases in contract size in option
segments where trading is concentrated and inventory can be turned over rapidly. (e.g., short-

maturity (D)OTM options)

The same pattern is observed when HFT activity is decomposed into liquidity-demanding and
liquidity-supplying components, confirming that the instruments are relevant for both sides of HFT
trading. By contrast, the first-stage coefficients for non-HFT activity exhibit opposite signs,
indicating a relative reallocation of trading activity from HFTs to non-HFTs in option segments
more affected by the OMI. Across specifications, the Kleibergen—Paap partial F-statistics range
from 11.3 to 27.3, exceeding conventional thresholds and suggesting that weak instrument

concerns are limited.!®

Panel B of Table 4 reports the second-stage 2SLS estimates of the effect of trading activity on
option market liquidity measured as quoted spreads or effective spreads. The coefficient on the
fitted values of relative HF T activity is negative and statistically significant for both quoted spreads
(-3.06, p <0.01) and effective spreads (—1.53, p <0.01). These estimates indicate that higher HFT
participation is associated with narrower bid—ask spreads in option segments where HFT activity
responds to the OMI. When HFT activity is decomposed into liquidity-demanding and liquidity-
supplying components, both measures continue to exhibit negative and significant coefficients. In
contrast, the fitted values of relative non-HFT activity are positively and significantly related to
both quoted and effective spreads. Taken together, these first- and second-stage results provide
evidence that OMI-induced changes in HFT participation play an important causal role in shaping

option market liquidity in segments differentially exposed to the multiplier increase.
<Table 4>

To assess the sensitivity of our results to sample construction choices, we conduct a series of
robustness checks summarized in Table 5. We vary the exclusion window around expiration dates,

the number of moneyness cohorts, the minimum trading-volume threshold for cohort inclusion,

13 To further address concerns regarding weak instruments, we re-estimate the model using the limited-information
maximum likelihood (LIML) estimator, which is known to be more robust in the presence of weak instruments. The
results remain quantitatively and qualitatively similar.
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and the weighting scheme used to aggregate option-level variables to the cohort level. For

comparability, we focus on specifications using relative HFT activity as the endogenous variable.

Across most specifications, the first-stage relationships remain similar to the baseline results. In
particular, the interaction between PostOMI and squared moneyness continues to enter with a
negative coefficient, while the interaction with days to maturity is positive in most cases. The first-
stage strength weakens under the most permissive volume threshold (10 contracts), as reflected in

a lower partial F-statistic, but remains strong in the remaining specifications.

Panel B of Table 5 shows that the second-stage estimates are robust across all specifications. The
fitted values of relative HFT activity consistently enter the spread regressions with negative and
statistically significant coefficients, with point estimates ranging from —2.15 to —3.07 for quoted
spreads and from —1.08 to —1.54 for effective spreads. Overall, these results indicate that the main
findings are not driven by specific choices regarding sample construction or aggregation

methodology.
<Table 5>

Table 6 examines how HFT activity relates to different components of transaction costs by
decomposing liquidity into realized spreads and price impact. Specifically, we run the regression
of realized spreads or price impact on the fitted values of relative HFT activity constructed in the
first-stage regression of Table 4. The fitted values of relative HFT activity are negatively and
significantly associated with both realized spreads and price impact, indicating that periods of
higher HFT participation exhibit lower ex post trading costs. These results suggest that OMI-
induced variation in HFT participation is associated with reductions in transaction costs through

both components of liquidity.

When HFT activity is further decomposed into liquidity-demanding and liquidity-supplying
components, distinct effects on liquidity emerge. Table 6 shows that liquidity-demanding HFT
activity is associated with a significant reduction in realized spreads, while its effect on price
impact is not statistically significant. In contrast, liquidity-supplying HFT activity is associated
with significant reductions in both realized spreads and price impact. This asymmetry indicates
that the price-stabilizing role of HFT operates primarily through liquidity provision, which both

lowers trading costs and dampens the immediate price response to order flow. For non-HFT activity,
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the fitted values are positively and significantly related to realized spreads, suggesting higher
compensation to liquidity suppliers, whereas no significant relationship is observed for price
impact. This pattern aligns with higher compensation to liquidity suppliers without inducing large

contemporaneous price movements.
<Table 6>

Table 7 reports placebo tests designed to assess whether the identification strategy captures
spurious cross-sectional variation unrelated to the OMI. We replicate the analysis in Table 4 using
a comparable time window around the May 2012 expiration date, during which no multiplier
change occurred. In Panel A, the interaction terms used as instruments in the main analysis do not
exhibit statistically significant explanatory power for HFT activity during the placebo period.
Consistent with this, Panel B shows that the second-stage coefficients on fitted HFT activity are
statistically insignificant for both quoted and effective spreads. These placebo results indicate that
the cross-sectional patterns exploited in the main analysis are not present in periods without a
multiplier change, and are therefore consistent with the identifying variation being linked to the

OMI rather than to general maturity-related or time-varying effects.

<Table 7>

6. Conclusion

This paper studies the causal effect of high-frequency trading on option market liquidity in the
KOSPI200 options market by exploiting the Option Multiplier Increase (OMI) as a quasi-natural
experiment. The multiplier increase generated a sharp and exogenous contraction in HFT activity,
which we use to identify the impact of HF T participation on liquidity outcomes. Our instrumental-
variables results indicate that OMI-induced reductions in HFT activity are associated with wider

bid—ask spreads and higher transaction costs.

Decomposing liquidity measures further shows that higher HFT participation is associated with
lower quoted and effective spreads, as well as reductions in realized spreads and price impact, with
distinct patterns across liquidity-demanding and liquidity-supplying activities. In contrast,

increases in non-HFT participation are associated with higher realized spreads. Taken together,
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these findings suggest that, in the context of the KOSPI200 options market, HFT participation

plays an important role in shaping liquidity conditions.

Our results contribute to the broader literature on HFT by providing evidence from an options
market setting, where empirical evidence remains relatively scarce. While prior studies have
documented mixed effects of HFT in equity markets, our findings highlight that the liquidity

effects of HFT can depend critically on market structure and contract characteristics.

From a policy perspective, the results underscore the importance of accounting for heterogeneous
effects when designing regulations that affect trading technologies or market participation.
Regulatory interventions that uniformly alter trading costs or contract size—such as the option
multiplier increase studied here—may have unintended consequences for market liquidity by
disproportionately affecting liquidity-supplying traders. Rather than imposing uniform restrictions,
policy discussions may benefit from distinguishing between different forms of trading activity and

their roles in market liquidity provision.

More broadly, this study illustrates the value of exploiting institutional changes to identify causal
relationships in market microstructure research. Future work could extend this approach to other
derivative markets or examine how the interaction between HFTRs and other market participants

varies across regulatory regimes and market environments.
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Figure 1. Account-Level Daily Trading Volume and End-of-Day Net Position

This figure presents a scatter plot of trader accounts in the plane defined by total daily trading volume (y-axis) and the
daily average of net positions scaled by daily trading volume (x-axis), computed over the sample period. Each point
represents an individual trading account. HFTRs are indicated by red “x” markers, while non-HFTRs are indicated by
blue dot markers. HFTRs are characterized by high trading volume and near-zero net positions relative to trading
volume, reflecting intensive intraday trading with minimal inventory holdings.

22



Panel A. Trade Volume

HH —-- Structural Break

12 4

SRR

10 4

Trade Volume (million contracts)

Y "
ol
i 3 e s <& 2 » S o
K & & & K & 5 & &
v v g g o v v g o
& 3 K K & 3 3 K K
§ ) § § $ $ § § §
Date
Panel B. Trade Volume Percentage
—— HH —-=—- Structural Break
—— HN
601 o NH
—— NN

20 1

Trade Volume Percentage (%)

7 g & F 7 o # g B
5 & & & & & & £ §
g g g K 3 3 B 4 o
) $ $ $ $ $ $ § E
Date
Panel C. Trade Amount
b i —=- Structural Break
1000 4 —— HN !
—— NH '
E —— NN :
I
5 800 1
c
S
E 600
P
c
3
o
E 400
<
L]
o
g 200

18
s

Figure 2. Trading Activity Around the OMI Event

This figure plots time-series patterns of trading volume (Panel A), relative trading volume (Panel B) and trade amounts
(Panel C) by trade type (HH, HN, NH, NN). The vertical line indicates the implementation of the multiplier increase.
Relative volume measures are expressed as shares of total daily trading volume.
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Figure 3. Overall HFT Activity over Moneyness and Days to Maturity

This figure presents heat maps of relative HFT trading activity across option moneyness categories and days to
maturity. Colors indicate the share of trading volume accounted for by HFTRs within each option group, with warmer
colors representing higher relative HFT participation.
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This figure decomposes HF T trading activity into liquidity-demanding and liquidity-supplying components. Liquidity-
demanding activity corresponds to trades initiated by HFTRs, while liquidity-supplying activity corresponds to trades
in which HFTRs provide quotes. Colors indicate the share of trading volume accounted for by HFTRs within each
option group, with warmer colors representing higher relative HFT participation.
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Figure 5. Pre- & Post-IOM HFT Activity over Moneyness and Days to Maturity

This figure compares heat maps of relative HFT trading activity across option moneyness and maturity before (Panel
A) and after (Panel B) the OMI. The color scale is held constant across panels to facilitate comparison of trading
patterns over time. Colors indicate the share of trading volume accounted for by HFTRs within each option group,
with warmer colors representing higher relative HFT participation.
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Table 1. Summary Statistics

This table reports summary statistics for key market variables before and after the Option Multiplier Increase (OMI). Trading
activity and liquidity measures are aggregated at the daily level. Relative trading activity measures are expressed as shares of
total daily trading volume. Differences between the pre- and post-OMI periods are reported in the final column. Volatility is
measured using three alternative estimators based on daily data and annualized assuming 252 trading days. Specifically, Ann.
Realized Vol. (%) is computed from close-to-close log returns, Ann. Parkinson Vol. Est. (%) is based on the daily high—low
price range, and Ann. Yang & Zhang'’s Vol Est. (%) combines open, high, low, and close prices to capture both intraday and
overnight price variation. /nv. Capa. of (NJHFTRs denotes the average inventory capacity of (non-)HFTR accounts, where
inventory capacity for each account is defined as the sum, across options, of the maximum absolute intraday cumulative
position observed for each option. Except for Number of Days, Ann. Realized Vol. (%), Ann. Parkinson Vol. Est. (%), and Ann.
Yang & Zhang’s Vol Est. (%), t-statistics are calculated following Welch (unequal-variance) two-sample tests. * and ** indicate
significance at the 5% and 1% level, respectively.

Variables Pre-OMI Post-OMI Post-Pre
Number of Days 23 20 -3
Number of Active Options 5891 49.75 -9.16%*
Trade Volume (mil. contracts) 12.55 2.36 -10.19%*
Trade Amount (bil. KRW) 1,475.31 1,128.47 -346.84**
Quoted Spread (bps) 472.40 583.77 111.37
Effective Spread (bps) 232.37 286.33 53.95
Realized Spread (bps) 39.44 30.93 -8.50
Price Impact (bps) 174.66 232.05 57.39
Ann. Realized Vol. (%) 25.07 18.97 -6.11
Ann. Parkinson Vol. Est. (%) 12.66 13.46 0.79
Ann. Yang & Zhang’s Vol. Est. (%) 25.36 24 .46 -0.90
Intraday High-minus-Low (%) 1.23 1.24 0.01
Number of HFTRs 23.30 21.65 -1.65%*
Relative HFT (%) 60.37 47.04 -13.33%x*
Relative HFTP (%) 21.31 14.19 S7.12%*
Relative HFTS (%) 39.06 32.84 -6.21%*
Relative NHFT (%) 87.45 93.74 6.28%*
Relative NHFTP (%) 52.60 56.19 3.60%*
Relative NHFTS (%) 34.86 37.54 2.69%*
Inv. Capa. of HFTRs (1,000 contracts) 10.07 1.96 -8 11%*
Inv. Capa. of nHFTRs (1,000 contracts) 0.26 0.06 -0.20%**
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Table 2. The impact of OMI on Relative Trading Activity

This table reports the results of regressing relative trading activity measures on a post-OMI dummy variable. The dependent
variables are Rel. HFT (relative HFT activity), Rel. HFTP (relative HFT demand), Rel. HFTS (relative HFT supply), Rel.nHFT
(relative non-HFT activity), Rel.nHFTP (relative non-HFT demand), and Rel.nHFT® (relative non-HFT supply). Control
variables include HML (intraday high-minus-low) and DTM (days to maturity). * and ** indicate significance at the 5% and
1% levels, respectively.

Variable Rel. HFT Rel. HFTP Rel. HFTS Rel.nHFT Rel.nHFTP Rel.nHFTS
Const. 51.94%* 17.51%* 34.43%* 90.38** 53.65%* 36.73%*
PostOMI -11.30%* -6.24%* -5.06%* 5.60%* 3.39%%* 2.21
HML -0.32 -0.01 -0.32 0.04 -0.14 0.17
DTM 0.52%%* 0.23%%* 0.30%%* -0.18* -0.05%* -0.12

28



Table 3. Effect of Increase in Option Multiplier on Liquidity (No IV, Reduced-Form)

This table reports reduced-form regressions of quoted and effective spreads on interactions between the post-OMI indicator
and option characteristics. Spreads are measured relative to the mid-quote and expressed in basis points. Standard errors are
clustered by entity and date. Standard errors are clustered by entity and date. * and ** indicate significance at the 5% and 1%
level, respectively.

Variable (1) Quoted Spread (2) Effective Spread
PostOMI x Moneyness -0.36%* -0.18%*
PostOMI x Moneyness? 0.58%* 0.29%*
PostOMI x Moneyness x DTM 0.03%* 0.02%*
PostOMI x Moneyness? x DTM -0.05%* -0.02%*
Moneyness -0.27 -0.14
Moneyness? 0.04 0.02
Trdvol (mil.) -0.19%* -0.10%*
Entity FE Yes Yes
Date FE Yes Yes
N 1,306 1,306
Adj. R? 0.26 0.26
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Table 4. Effect of High Frequency Trading on Liquidity (IV Regression, 2SLS)

This table reports two-stage least squares (2SLS) estimates of the effect of trading activity on option market liquidity.
Instrumental variables are constructed from interactions between the post-OMI indicator and option characteristics. Panel A
presents first-stage regressions, and Panel B presents second-stage regressions. Standard errors are clustered by entity and date.
* and ** indicate significance at the 5% and 1% level, respectively.

Panel A. First Stage

Variable (1) Rel. HFT (2) Rel. HFTP (3) ReLHFT® (4) Rel.nHFT
PostOMI x Moneyness 1.10 1.04 0.06 -0.16
(x100)

PostOMI x Moneyness? -0.15%* -0.05* -0.10%** 0.02%*
PostOMI x Moneyness x DTM -0.36 -0.22 -0.14 0.10
(x100)

PostOMI x Moneyness® x DTM 1.08%* 0.43%* 0.65%* -0.15%*
(x100)

Moneyness 0.02 -0.01 0.00 0.02
Moneyness? 0.12 0.05 0.08 -0.04*
Trdvol (mil.) 0.19%* 0.06** 0.12%* -0.06%*
Entity FE Yes Yes Yes Yes

Date FE Yes Yes Yes Yes

N 1,306 1,306 1,306 1,306
Partial R 0.05 0.05 0.04 0.04
Partial F-Statistic 21.19%* 19.08** 27.29%* 11.33*
Panel B. Second Stage

Variable (1) QS (1)ES 2) Qs (2) ES 3)QS 3)ES 4) QS (4 ES
Rel HFT S3.06%F  -1.53%*

Rel. HFTP -8.46%* -4.23%*

Rel HFTS -4.49%* 2.25%*

Rel.nHFT 16.61%*%  832%*
Moneyness -0.36 -0.18 -0.33 -0.16 -0.37 -0.19 -0.87 -0.44
Moneyness® 0.37 0.19 0.42 0.21 0.33 0.17 0.68 0.34
Trdvol (mil.) 0.39%* 0.20%* 0.45% 0.23* 0.32 0.16* 0.75 0.38
Entity FE Yes Yes Yes Yes Yes Yes Yes Yes
Date FE Yes Yes Yes Yes Yes Yes Yes Yes
N 1,306 1,306 1,306 1,306 1,306 1,306 1,306 1,306
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Table 5. Robustness Check

This table reports robustness checks for alternative sample constructions, including different expiration windows, cohort definitions, volume thresholds, and aggregation schemes. Panel A
presents first-stage results, and Panel B presents second-stage results. Relative HFT activity is used as the endogenous variable.

Panel A. First Stage

Variable DTM >=5 Cohort num.=10 Vol. Threshold=10 Vol. Threshold=100 Equal-weighted avg
PostOMI x Moneyness 2.34 0.08 -1.65 0.58 1.01

(x100)

PostOMI x Moneyness? -0.20%* -0.15%** -0.07* -0.16** -0.15%*
PostOMI x Moneyness x DTM -0.53 -0.26 -0.09 -0.39 -0.36

(x100)

PostOMI x Moneyness? x DTM 1.34%* 1.06* 0.48 1.16%* 1.06**

(x100)

Moneyness 0.14 0.05 -0.09 0.13 0.07
Moneyness? 0.04 0.14 0.11 0.13 0.12

Trdvol (mil.) 0.23** 0.12%* 0.19%** 0.19%* 0.19%*
Entity FE Yes Yes Yes Yes Yes

Date FE Yes Yes Yes Yes Yes

N 1,068 681 1,463 1,230 1,306

Partial R? 0.07 0.06 0.02 0.06 0.05

Partial F-Statistic 22.84%%* 23.88%* 8.79 22.71%* 22.06**

Panel B. Second Stage

Variable (1) QS (1)ES 2)QS (2) ES 3)Qs 3)ES 4) QS (4)ES 5) QS (5)ES
Rel. HFT -2.15%* -1.08** -2.97%* -1.49%* -2.97** -1.49%* -2.83%* -1.42%% -3.07** -1.54%*
Moneyness -0.22 -0.11 -0.64 -0.32 -0.61 -0.31 -0.12 -0.06 -0.21 -0.11
Moneyness? 0.32 -0.16 0.41 0.20 0.43 0.22 0.34 0.17 0.40 0.20
Trdvol (mil.) 0.43* 0.21* 0.23 0.12 0.36 0.18 0.36* 0.18* 0.39%* 0.20%*
Entity FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Date FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 1,068 1,068 681 681 1,463 1,463 1,230 1,230 1,306 1,306
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Table 6. Effect of High Frequency Trading on Liquidity Components

This table decomposes liquidity effects into realized spreads and price impact. All spread measures are defined relative to the
prevailing mid-quote and expressed in basis points. Estimates are obtained using the instrumental variables approach described
in the text. Standard errors are clustered by entity and date. * and ** indicate significance at the 5% and 1% level, respectively.

(1) RelLHFT (2) Rel.HFTP (3) Rel. HFTS (4) Rel.nHFT
Dependent Variable RS PI RS PI RS PI RS PI
Rel. HFT -1 12%% 0.29%*
Rel. HFT? -3.33%* -0.52
Rel. HFTS -1.56%  -0.55%*
Rel nHFT 7.37% 0.41
Moneyness -0.22 0.04 -0.21 0.05 -0.22 0.04 -0.45 0.03
Moneyness? 0.09 0.12 0.12 0.12 0.07 0.12* 0.24 0.11
Trdvol (mil.) 0.04 0.04 0.18* 0.02 0.10 0.05* 0.35 0.01
Entity FE Yes Yes Yes Yes Yes Yes Yes Yes
Date FE Yes Yes Yes Yes Yes Yes Yes Yes
N 1,306 1,306 1,306 1,306 1,306 1,306 1,306 1,306

32



Table 7. Effect of High Frequency Trading on Liquidity: Placebo Test

This table reports placebo tests conducted using a period without an option multiplier change. The placebo (fake OMI) event date
is set to the May 2012 option expiration, prior to the actual OMI. The analysis window mirrors the main specification and covers
one front-month option cycle before and after the placebo date. Panel A reports first-stage regressions, and Panel B reports second-
stage regressions using the same instrumental variables and empirical specifications as in the main analysis. Standard errors are
clustered by entity and date. * and ** indicate significance at the 5% and 1% level, respectively.

Panel A. First Stage

Variable (1) ReL.HFT (2) Rel. HFTP (3) Rel.HFTS (4) Rel.LnHFT
PostOMI x Moneyness 1.71 0.33 1.38 -0.66
(x100)

PostOMI x Moneyness? 0.05 0.02 0.03 -0.01
PostOMI x Moneyness x DTM 0.15 0.05 0.09 -0.00
(x100)

PostOMI x Moneyness? x DTM -0.11 -0.02 -0.09 0.07
(x100)

Moneyness -0.02 0.04 -0.06 -0.04
Moneyness? -0.20** -0.07** -0.13%** 0.04*
Trdvol (mil.) 0.20** 0.07** 0.12%** -0.06%*
Entity FE Yes Yes Yes Yes

Date FE Yes Yes Yes Yes

N 1,293 1,293 1,293 1,293
Partial R? 0.02 0.01 0.02 0.01
Partial F-Statistic 12.71* 13.55* 9.09 7.95

Panel B. Second Stage

Variable 1) Qs (1)ES 2)QsS (2)ES 3)Qs (3)ES %) QS (4)ES
Rel. HFT 1.05 0.52

Rel HFTP 3.01

Rel HFT® 1.56

Rel. nHFT -6.71 -3.35
Moneyness -0.51 -0.26 -0.63 -0.32 -0.45 -0.22 -0.78 -0.39
Moneyness> 0.30 0.15 0.30 0.30 0.50 0.25
Trdvol (mil.) -0.44%*  0.22%%  0.45%*  022*%F  043*%*  _0.2]1** -0.60* -0.30*
Entity FE Yes Yes Yes Yes
Date FE Yes Yes Yes Yes
N 1,293 1,293 1,293 1,293 1,293 1,293 1,293 1,293
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