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Abstract

This paper studies how the speed of order submission – defined by the minimum
time difference between the two orders by the same investor – affect investor behavior
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is correlated with algorithm trading proxy measures such as order-to-trade ratio and
cancel-to-trade ratio. We find that slow traders tend to use more market orders and
place limit orders further away from the market price than fast traders, consistent
with the previous theoretical literature. However, the relationship is not monotonic.
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evidence that market orders and marketable limit orders are used differently.
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1 Introduction

“Intelligence is quickness to apprehend as distinct from ability, which is ca-

pacity to act wisely on the thing apprehended.”

–Alfred North Whitehead (1861-1947)

Ability to trade fast has become important in today’s financial markets. With the in-

troduction of high-frequency traders (HFTs) in the last decade, the financial market en-

vironment has changed radically. More orders and trades are coming from computerized

algorithms, and taking advantage of speed in the limit order market allows HFTs to trade

more frequently without holding large positions. Acknowledging the existence of HFTs has

also caused non-HFTs to update their beliefs about their trading counterparts, as their orders

may be picked off before they can reflect new information and circumstances.

In this paper, we provide empirical evidence that the fast traders and slow traders behave

differently when making orders. Using the novel data from the KOSPI 200 futures market,

where we observe all orders’ and trades’ account in encrypted form, we proxy for the ability

to trade fast by observing each account’s minimum time difference between two orders. We

generally find that slow traders submit more market orders than fast traders. Also, we find

that slow traders generally submit limit orders further away from the market price than the

fast traders. However, we do not find monotonic relationship. Our results are robust when

controlling for market volatility and the quantities of orders placed at the best bid and ask.

Previous literature lack evidence on our non-monotonic results. Monotonicity is an impor-

tant condition in economic theory. Laffont and Vuong (1996) suggest that the monotonicity

condition can be used to test auction models. Guerre, Perrigne, and Vuong (2000) show that

for the existence of equilibrium in a first-price sealed-bid auction with independent private

values, a function of the observed bids must satisfy the monotonicity condition. Hollifi-

ield, Millder, and Sandås (2004) test the monotonicity of the limit order strategy related to

traders’ valuation of the asset in a limit order market. They find that they cannot reject the
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monotonicity for buy or sell orders separately, but they can reject monotonicity when buy

and sell orders are tested jointly.

Recent paper by Hoffman (2014) uses a variant of Foucault (1999) to show that slow

traders use market orders more frequently and provide conditions on trader’s optimal limit

order strategy. Submitting limit orders further away from the current price allow their order

to earn more time due to the order of market order execution, while it comes at a cost of

lowering the probability of being executed. Market orders do not face any pick-offs from

fast traders, but may face less attractive trading price. In his model, when the volatility

of the underlying asset or the proportion of fast traders change, it may be the case that

slow traders submit limit order closer to the market value than fast traders, or vice versa.

However, since there are only two type of investors, the model is not sufficient to show the

(non-)monotonicity of the trading behaviors when the parameters are stable.

In order to support our empirical findings, we extend the theoretical model where there

exist three types of traders, slow traders, fast traders, and very fast traders. In our model of

three different types of players, fast traders benefit from able to revise quotes before getting

picked off by a slow type, but still might be picked off by a very fast trader. The extended

model has equilibrium where very fast traders submit limit orders closer to the market price

than slow traders, but fast traders submit limit orders further away than slow traders. We

also show that, an equilibrium may not exist depending on the parameter values.

In our empirical analysis, when we include marketable limit orders in testing market

order selection by speed, or in testing where to place the limit order on the book, we find

our results to be significantly different when we exclude marketable limit orders. Thus, our

findings provide evidence that marketable limit orders are different from market orders and

also from non-marketable limit orders.

We also contribute to the literature by examining the correlation between our measure

of ability to trade fast and existing algorithmic trading proxies. Using the order-to-trade

ratio and cancel-to-trade ratio, we find that our speed measure and the algorithmic trading
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proxies to show significant correlation.

A number of papers study speed of trading in financial markets. This paper is most

closely related to Hoffman (2014), since it tests the implications in his paper. Foucault,

Hombert, and Rosu (2015) show that fast informed traders account for higher trading volume.

Brogaard, Hendershott, and Riordan (2014) examine that HFTs facilitate price discovery.

Biais, Foucault, and Moinas (2015) and Budish, Crampton, and Shim (2015) provide evidence

that investing to trade faster cause negative welfare consequences. Weller (2016) show that

stocks with more algorithmic liquidity takers relative to liquidity providers suffer information

losses. Lee (2015) investigate the high frequency trading with focus on market quality, price

efficiency, and profitability in the KOSPI 200 Futures market. Our paper do not intend to

focus on the high frequency trading and price discovery or information trading, but rather

focus on the different strategies that investors may use depending on their ability to trade

faster than other.

This paper in structured as follows. Section 2 describes the specific market and the asset

that we analyze, namely KOSPI 200 Futures market. We describe the dataset that we use in

Section 3. Section 4 reports the empirical findings that relates speed and trading behavior.

Section 5 suggests a theoretical that supports the empirical findings in Section 4. Section 6

concludes.

2 KOSPI 200 Index Futures Market

The underlying asset of the KOSPI 200 futures market is defined as the KOSPI 200 spot

index, a capitalization-weighted stock price index consisting of the 200 largest common stocks

listed on the Korea Exchange (KRX). The KOSPI 200 index futures market, launched in

May 1996, is not only the representative derivatives market in Korea, but also a world-class

futures market. In spite of its short history, it has grown very quickly and has maintained a

top-tier position globally since the turn of the new millennium.
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We analyze the price behaviors of this futures market for the following reasons. The

KOSPI 200 futures market is extremely liquid, reflecting the great interest shown in it by

global and local investors and facilitating the implementation of practical trading strategies.

Indeed, it is ranked as one of the leading five index futures markets globally in terms of

trading volume.1 Its low transaction costs, low entry barriers, and synergistic effect owing

to the tremendous growth of the related index derivatives market support the considerable

liquidity of the KOSPI 200 futures market. Compared with its equity market counterpart,

the KOSPI 200 futures market is characterized by extremely low transaction costs and high

liquidity. No transaction tax is imposed on futures trading. Hence, the brokerage fee for

KOSPI 200 futures trading is much lower than that for equity trading. The fees for futures

trading range from 0.1 to 0.9 basis points, about 10 times smaller than the brokerage fees

for equity trading. Further, the trading volume of the KOSPI 200 futures market has risen

markedly because of the synergistic effect of simultaneous intraday trading in its options,

which are not only global top-tier options but also the derivatives most related to futures.2

The ample liquidity and unique investor participation rate of the KOSPI 200 futures

market, its two most important properties, provide a valuable and interesting opportunity to

analyze the behavior of futures markets. First, its short-sale allowance enables the investors

to utilize their information fully regardless of the anticipated market movement implied in

the information. This is often not the case in stock markets where short-sale is usually

restricted: Only the trading strategies relying on positive information will be feasible if the

investors do not possess the stocks. Second, the futures market, with its rich liquidity, is

better suited to the trading strategies based on macroeconomic, market-wide information.

Unlike private or inside information which is likely to remain unexposed longer and requires

trading at individual stock level, the profit opportunities from market-wide information can

vanish quickly unless orders are submitted immediately. Another advantage of the futures
1For more details, refer to the website of the Futures Industry Association (www.futuresindustry.org).
2The status of the KOSPI 200 options market and its relatedness to the KOSPI 200 futures market are

well summarized in the studies of Ryu (2015).
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market for professional and/or informed investors is that they can minimize their exposure to

their competitors. The absence of designated market makers and upstairs market guarantees

the anonymity of investors when they submit orders and the ample liquidity of the futures

market helps them camouflage their informed trades without heavily fragmenting them 3With

these reasons, the KOSPI 200 futures market is of interest in itself to investigate futures

market behaviors and is particularly well suited for our research to examine the existence

of overreaction of the representative Asian market (i.e., the Korean market) to US market

performance and look into potential profit opportunities from it. This requires prompt trades

at the daily market opening session where its opening price is directly affected by US market

performance on the previous day and the market price reverses to the normal level during

the day as subsequent opposite trades occur. The KOSPI 200 futures market serves well as

a test bed to find empirical evidence of the profit opportunities.

In the regular KOSPI 200 futures market, the multiplier of the futures contract is 500,000

Korean Won (KRW) and tick size is 0.05 points, which corresponds to 25,000 KRW. The

daily continuous trading session regularly opens at 9:00 a.m. and closes at 3:05 p.m., the pre-

opening batch auction runs from 8:00 a.m. to 9:00 a.m., and the post-market batch auction

runs from 3:05 p.m. to 3:15 p.m.4 The delivery months are March, June, September, and

December, and the expiry date is the second Thursday of each delivery month. The initial

margin was set to 15% of the value of the futures contracts traded. The level of maintenance

margin should be two-thirds of the initial margin level. KOSPI 200 futures traders can

submit an order of up to 1,000 contracts.
3Informed investors tend to split their orders and spread their trades in relatively illiquid markets. The

order-splitting strategy is also frequently used in a trading environment where investors are easily identified.
This strategy is called stealth trading (see Anand and Chakravarty (2007)).

4There are exceptions on trading session times on the first trading day of the calendar year and on the
national College Scholastic Ability Test (CSAT) day. On these dates, opening of continuous trading session
starting time is delayed one hour. For the CSAT day, closing time of continuous trading session is delayed
one hour as well.
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3 Data Description and Basic Statistics

Our research relies on the unique dataset from the KRX KOSPI 200 futures from March

2010 to June 2014. The data consists of both Trade and Quote (TAQ) with every trade and

order time-stamped at millisecond level for all orders submitted to the market. The novelty

of this dataset is that we can observe at the account level for each trade and quote. We also

observe the trading account’s group type (retail/individual investor, financial trading firm,

institutional firm, etc.) and which country the account is from. Also, the data consists of

types of orders for each orders submitted, e.g., limit order, market order, stop order, order

cancellations, order modifications, etc.

Using our dataset, we are able to examine how different investors submit their orders by

observing how frequently they use market orders and how far they put their limit order from

the execution price. Since we want to focus on the trades and orders when each individuals

can observe the limit order book. While the limit order book is available from 9:00 a.m. to

3:05 p.m., we restrict our sample to 9:10 a.m. to 2:50 p.m. to eliminate microstructure bias

that may occur during opening hours and near closing hours. 5 Analogously we exclude

trading days one week before the maturity and focus our analysis only on specific asset that

has the nearest maturity date.

Table 1 shows basic statistics by order types during our sample period. Less than two

percent of all orders submitted during our sample period are market orders, but nearly 24.1

percent of orders are marketable limit orders. We define marketable limit orders as buy

(sell) limit orders that were submitted above the best ask (bid) price. While marketable

limit orders execute as market orders, we are able to distinguish market orders and limit

orders in our data due to our rich dataset. Among the initial non-marketable limit orders

submitted, 34.5 percent of orders execute on average 188 seconds after submission, 22.8

percent of orders are revised on average 169 seconds after submission, and 42.3 percent of
5We make appropriate adjustments for the days that regular hours differ from these hours, which includes

the first trading day of the calendar year and on the national College Scholastic Ability Test (CSAT) day.
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orders are canceled on average 5 minutes after submission. 883,340 non-marketable limit

orders that does not belong to any of the aforementioned categories are one that survive

throughout the whole continuous trading hour (until 3:05 p.m.), and are normally submitted

further away from the market price. While non-marketable limit orders are, on average,

short-lived, as can be implied from the standard deviation of survival time, the distribution

is wide.

Next, we provide basic statistics by different type of investors using the account’s group

type. Table 2 shows the number of active accounts by investor group and for each time

periods between maturity dates in Korea Exchange trading KOSPI 200 Futures from March

12, 2010 to June 12, 2014. For example, there are 567 accounts identified as local investment

firm in the period where the earliest next maturity date that is June 10, 2010 (first row,

first column). Active account refers to any existing account that has submitted one or more

orders during the period. Investment firms are investment banks, other finance firms are

financial firms that are not classified as investment banks (e.g. commercial banks, insurance

companies, investment trusts, etc.), other institutions are firms that are not classified as

financial firms which includes government and pensions. Table 3 shows the total number

of order quantity submitted by each investor group. We find that majority of the active

accounts at any point in our sample period are held by retail investors. However, retail

investors trade less frequently relative to their numerous share of active accounts in the

market, while foreign investors trade most quantity per account during our sample period.

To proxy for the account speed (ability to trade fast), we use a simple measure where we

track the smallest time difference between the two orders from the same account. The intu-

ition is that the traders who are able to trade fast can submit multiple orders/revision/cancellations

in a very short time period. This measure clearly ignores any possibly fast traders who only

submit one order during relatively long period of time. However, we still pick up those who

are able to submit multiple orders in a short period of time and can identify them as fast
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traders. Thus, we use the following measure:

` = speedij = min{|timeijt − timeijt+1|} (1)

where i is the account number, j is the nearest futures maturity month, and timeijt is the tth

order that i made for j futures. Here time is calculated as seconds in clock time, not trading

time. For further analysis we will use simply define the term “speed group” as follows:

ˆ̀= ˆspeedij =


7 if speedij ≤ 0.001

1 if speedij > 100

4− dlog10 speedije otherwise

(2)

where d·e is the ceiling function which rounds up to the next integer. For example, an

account that submitted multiple orders within a millisecond will be in speed group ˆ̀ = 7,

and an account that the ` = −.017 will be in speed group 5. In all, we have seven speed

groups ranging integers from 1 to 7.

Many high-frequency literature suggest some proxies to estimate algorithmic traders.

Hendershott, Jones, and Menkveld (2011) and Hagströmer and Nordén (2013) use order to

volume ratio, Hendershott, Jones, and Menkveld (2011), Hagströmer and Nordén (2013),

and Hasbrouck and Saar (2013) use number of cancel order quantities to number of actual

trade quantities, and Hendershott and Riordan (2013), Menkveld (2013), O’Hara (2015),

and O’Hara, Yao, and Ye (2014) use average trade size to proxy for algorithmic trades. We

observe in our sample that most orders of the futures contracts are relatively of a small

size so average trade size does not explain what we observe. While it is noted that HFTs

tend to have small average trade size, individual investors also do not submit large orders

in the derivatives market. The odd lot volume used in O’Hara, Yao, and Ye (2014) is also

not applicable in our setting since the smallest size tradeable is one unit of contract which

cannot be divisible.
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Table 4 Panel A shows basic statistics of market order, marketable order, limit spread,

order-to-trade ratio and cancel-to-trade ratios for account-maturity pair. Dist is defined as

the difference between the price of limit buy (sell) order to best ask (bid) price in number of

ticks. To test whether our speed group is related to high frequency proxies that are used in the

literature, we use the order-to-trade ratio and cancel-to-trade ratio as high-frequency proxies.

Since market orders may distort each ratios, we actually use limit orders to limit orders

executed ratio (ln LimitOrder
LimitTrade

) and cancel to limit orders executed ratio (ln(1 + Cancel
LimitTrade

)).

Also, we use natural logarithm for each ratios to prevent statistical mean to be affected

heavily by right skewed observations, and add one in cancel to orders ratio to prevent any

accounts without using cancellations in their orders giving output of ln 0.6 Panel A in Table

4 shows the basic statistics for these measures as well as fraction of market orders, market

orders including marketable limit orders, Panel B of Table 4, we report simple correlations

of the measures. We find that our measure of speed (`) is positively correlated with the

high frequency trading proxies, which is desired. All the numbers in correlation tables are

statistically significant at 1% level.

Table 5 shows the number of active accounts by each speed group. We find that there

are various accounts in terms of trading speed in the KOSPI 200 Index futures throughout

the sample period. One interesting fact is that from the December 2011 contract (column

12/8/11) and on, we find more number of extremely fast traders who can submit their orders

within a millisecond (row 7). Also, we find the number of active accounts decrease for speed

group of 6 for the same sample period. This may suggest trading arms race among fast

traders, while we do not see this clear phenomenon for other speed groups. Table 6 reports

the total size of orders submitted submitted for each speed group. We find that most of the

orders are actually dominated by very fast traders, mainly investors of speed group 6 and 7.
6We actually find approximately 1

3 of accounts in our sample not using cancellations in their orders.
However, this does not imply that all their orders become executed since the limit order book resets after
the market closes.
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4 Empirical Analysis

In this section, we investigate the relationship of whether to choose market orders or not

depend on the ability to trade fast. Also, if limit order is placed, we analyze how speed of

trading affect the placement of limit orders.

As suggested by Hoffman (2014), volatility of the asset may affect the trading behavior.

Thus, we run a simple regression while controlling for the volatility. We use the V-KOSPI

index measure which is derived from the KOSPI 200 options which the underlying asset is

the same KOSPI 200. Figure 1 shows the volatility changes between January 2010 to June

2014. We run a regression for some subsample, namely for futures that matures in September

8, 2011 as follows:

mktorderitd = α + βSi + γitdV oldt +BBQtd +BAQtd + εitd (3)

mktorderitd is a dummy variable where it is 1 if the order submitted by individual is market

order and 0 otherwise. Since the dependent variable is binary, we use logit regression for

the above equation. Si is vector of dummies representing each speed (ˆ̀) group from 2 to

7. V oltd is the volatility index implied by KOSPI 200 options that is measured every 30

seconds. BBQtd is the quantity of limit order placed at the best bid and BAQtd is the

quantity of limit order placed at the best ask. Columns (1) through (4) in Table 7 show the

regression results from equation (3). We find the coefficients from Speed2 to Speed7 tend

to decrease monotonically by going down the row, implying that faster traders submit less

market orders. We also find positive and significant results for volatility. Higher volatility

implies that the there is more uncertainty in the market, and thus risk averse investors may

prefer market order to limit order. We also find negative and significant coefficient for best

ask (bid) quantities for sell orders and the opposite for buy orders. This implies that when

placing a sell (buy) limit order, placing a limit order in a longer queue are less likely to be

executed, so market order becomes more favorable compared to a short queue. We run the
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same regression using equation (3) but with the using the dependent variable as marketable

orders, which includes marketable limit orders. Columns (5) to (8) report the regression

results and find similar pattern in speed coefficients, but the monotonicity is not shown.

Also, we find the the signs of non-speed related coefficients to flip compared to the results of

market orders. This implies that market orders and marketable limit orders may not come

from the same strategy.

Next, we test the limit order behavior among investors. Since the difference between the

market order and the limit order placed must be non-negative,7 we run a censored (tobit)

regression as follows:

Distitd = α + βSi + γitdV old + εitd (4)

Distitd is the is calculated as the price difference between submitted limit order price and

the mid-quote of best bid and ask available. Note that Distitd has minimum value of 0.

Table 8 reports the regression results. In columns (1)–(4) where all limit orders are used,

including marketable limit orders, we first find that speed coefficients are non-monotonic.

More surprisingly, when we do not control for the top of the limit order book, all of the

speed coefficients are positive, which implies that compared to the base group (ˆ̀= 1) which

is the slowest group, other group place orders further away from the market price. However,

when we observe columns (5)–(8), we find that all other groups submit orders closer to the

market price which is the opposite. This implies that investors in the slowest group use limit

orders but place marketable limit orders more frequently than others. Table 9 show that

slow traders use limit orders as marketable limit orders more than any other group.8 We

also find that with higher volatility in the asset, investors are more likely to submit limit

orders further away from the market price.
7While we observe some marketable buy (sell) limit orders that are below the best ask (bid) price, we

construct our variable to have minimum value of zero.
8The difference between ’Market Orders’ and ’+ Marketable Orders’ in Table 9 is the marketable limit

orders.
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Tables 7 and 8 together imply that investors use market order, marketable limit order,

and non-marketable limit order in a different way. Intended marketable limit order may not

execute and become non-marketable limit order when the top of the limit order book price

changes between the time order request is sent and when the market receives the order. This

relates to the human vs. computer awareness as well as the market latency mentioned in

Menkveld and Zoican (2017). Thus, when an investor is satisfied if she can make a market

order at the “current” price but will not be satisfied when the order is executed at a different

price and prefers to wait at the “current” price, she submits a limit order which may not be

executed right away. Thus, this “uncertainty” in market order creates investors to submit

marketable limit orders, especially for the slow investors that face higher risk due to delayed

submission.

The non-monotonic coefficients found in Table 7 and Table 8 are not explained by existing

theory. This draws an attention to revise the theory to understand this behavior by investors.

We provide a model that can explain this in the next Section.

5 Three Speed Type Model

In this section, we develop a theory of three different types of traders which only differs by

speed. We follow the notation and the basic concept from Hoffman (2014), which is a variant

of Foucault (1999).

5.1 Limit Order Market with Three Types of Traders

There exists a single risky asset with fundamental value that follows a random walk

vt = vt−1 + εt (5)
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where ε ∈ {σ,−σ} with equal probability. Traders arrive sequentially at time t = 1, 2, . . .

and are risk-neutral. At time t′, a trader arriving at t ≤ t′ values the asset at

Rt′ = vt′ + yt (6)

where yt ∈ {+L,−L} is the time invariant private valuation and the realization occurs with

equal probability.

Each trader can sell market orders execute at the currently best bid Bm
t , or buy market

orders execute at the currently best ask Amt , or set a limit order which may execute in next

period. There are three types of traders, slow traders (STs), fast traders (FTs), and very fast

Traders (VTs). The fraction of STs and Fts is α and β, respectively, and the rest are VTs.

FTs are able to cancel/revise their limit order and resubmit a new one after the realization

of εt+1 conditional on t+1-th traders being a slow trader (ST). VT are able to cancel/revise

their limit order and resubmit a new one after the realization of εt+1 conditional on t+ 1-th

traders being FT or ST.

5.2 Payoff and Strategies

Suppose yt = −L. Seller’s expected profit when choosing to post a limit order is equal to

V LO
k , k ∈ {ST, FT, V T}. She will “market sell” if

Bm − (v + ε− L) ≥ V LO
k (7)

Let cutoff price be

B̂v+ε
k = V LO

k + (v + ε− L) (8)

which makes the seller indifferent, if available. With equality in the equation above, we

assume that traders prefer market order to limit order if the expected payoffs are equal.
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Now suppose quote setting problem of a buyer. Let p(B) be the execution probability

of ST. Since innovation (ε) and trader types are discrete, p is an increasing step function.

Optimality implies price is set at cutoff. Objective function of slow buyer, who decides to

submit limit order,

V LO
ST = max

BST
{p(BST )(v + Eex[ε] + L−BST )} (9)

where Eex[·] is expectation function conditional on execution.

Fast buyer chooses a tuple of three bid price (BFT , B
+σ
FT , B

−σ
FT ). Let q|k,ε(B) denote execu-

tion probability of FT’s limit order with bid price B conditional on the next period’s trader

type and asset value innovation.

V LO
FT = maxBFT ,B+σ

FT ,B
−σ
FT
{(1− α)q|ST−(BFT )(v + Eex[ε] + L−BFT )

+
α

2
q|ST (B

+σ
FT )(v + σ + L−B+σ

FT ) (10)

+
α

2
q|ST (B

−σ
FT )(v − σ + L−B−σFT )}

Clearly, B+σ
FT = B̂v+σ

ST and B−σFT = B̂v−σ
ST , so the maximization simplifies to

max
BFT
{(1− α)q|ST−(BFT )(v + Eex[ε] + L−BFT )} (11)

= max
BFT
{βq|FT (BFT )(v + Eex[ε] + L−BFT ) + (1− α− β)q|V T (BFT )(v + Eex[ε] + L−BFT )}

Very fast buyer chooses a tuple of three bid price (BV T , B
+σ
V T , B

−σ
V T ). Let r|k,ε(B) denote

execution probability of VT’s limit order with bid price B conditional on the next period’s

trader type and asset value innovation.

V LO
V T = maxBV T ,B+σ

V T ,B
−σ
V T
{(1− α− β)r|V T (BV T )(v + Eex[ε] + L−BV T )

+
(α + β)

2
r|V T−(B

+σ
V T )(v + σ + L−B+σ

V T ) (12)

+
(α + β)

2
r|V T−(B

−σ
V T )(v − σ + L−B−σV T )}
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For simplicity we only focus on the positive innovation, ε = +σ.9 Note that choosing the

optimal B+σ
V T may vary depending on the parameters. Clearly, since ability to trade faster

cannot be worse, V LO
FT > V LO

ST , so we have B̂v+ε
FT > B̂v+ε

ST . Since r is increasing and a step

function, it is optimal to either choose B+σ
V T = B̂v+σ

ST or B+σ
V T = B̂v+σ

FT . Note that if VT choose

B̂+σ
ST , FT seller will not trade since B̂v+ε

FT > B̂v+ε
ST and only ST seller will trade. Thus,

α + β

2
r|V T−(B̂

v+σ
ST )(v + σ + L− B̂v+σ

ST ) R
α + β

2
r|V T−(B̂

v+σ
FT )(v + σ + L− B̂v+σ

FT ) (13)

and since execution probability r|V T−(B̂v+σ
ST ) = α

2(α+β)
and r|V T−(B̂v+σ

FT ) = 1
2
,

α

2
(v + σ + L− B̂v+σ

ST ) R
(α + β)

2
(v + σ + L− B̂v+σ

FT )

α

α + β︸ ︷︷ ︸
LHS

R
(v + σ + L− B̂v+σ

FT )

(v + σ + L− B̂v+σ
ST )︸ ︷︷ ︸

RHS

(14)

so that if LHS of the above equation is greater, VTs choose to target the STs but not the

FTs. If the RHS is greater, VTs target the FTs that also allow STs to trade.

Lemma 1. In equilibrium, B̂v−σ∗
ST ≤ B̂v−σ∗

FT ≤ B̂v−σ∗
V T ≤ B̂v+σ∗

ST ≤ B̂v+σ∗
FT ≤ B̂v+σ∗

V T

Proof. Clearly, the ability to revise limit orders can never be a disadvantage so that V LO∗
V T ≥

V LO∗
FT ≥ V V O∗

ST . From (8), we have B̂v−σ∗
ST ≤ B̂v−σ∗

FT ≤ B̂v−σ∗
V T and B̂v+σ∗

ST ≤ B̂v+σ∗
FT ≤ B̂v+σ∗

V T .

It remains to show B̂v−σ∗
V T ≤ B̂v+σ∗

ST . First, L is the maximum expected gains from trade

that period (if two agents with different private valuations trade, they share a surplus of 2L,

but this occurs at most with probability 1
2
), so L ≥ V LO∗

k ≥ 0 for all k ∈ {ST, FT, V T}.

Assume σ ≥ L
2
. Using (8), vt+σ ≥ B̂v+σ∗

ST ≥ vt+σ−L and vt−σ ≥ B̂v−σ∗
V T ≥ vt−σ−L,

which directly implies B̂v−σ∗
V T ≤ B̂v+σ∗

ST .

Now Assume σ < L
2
, and consider a very fast buyer submitting a buy limit order. It is

9Negative innovation is analogous.
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easy to see that, in this case,

1− α− β
4

[v−σ+L− B̂v+σ∗
V T ]+

1− α− β
4

[v+σ+L− B̂v+σ∗
V T ] ≥ 1− α− β

4
[v−σ+L− B̂v−σ∗

V T ]

such that his optimal choice is B∗V T = B̂v+σ∗
V T . A buyer arriving one period later never

executes this order because v−σ+L > B̂v+σ∗
V T ; that is, the bid price B∗V T is below his lowest

possible valuation.

Now consider a slow buyer and suppose he posts a buy limit order with B∗ST = B̂v+σ∗
V T .

As this is not necessarily his equilibrium strategy, V LO∗
ST ≥ 1

2
[v + L− B̂v+σ∗

V T ]. Now assume

α

α + β
<

(v + σ + L− B̂+σ
FT )

(v + σ + L− B̂+σ
ST )

Then,

V LO
V T = {(1− α− β)

2
(v + L− B̂v+σ∗

V T )

+
(α + β)

4
(v + σ + L− B̂v+σ∗

FT )

+
(α + β)

4
(v − σ + L− B̂v−σ∗

FT )}

and therefore,

V LO∗
V T − V LO∗

ST ≤ α + β

4
(B̂v+σ∗

V T − B̂v−σ∗
FT ) +

α + β

4
(B̂v+σ∗

V T − B̂v+σ∗
FT )

≤ α + β

4
(B̂v+σ∗

V T − B̂v−σ∗
ST ) +

α + β

4
(B̂v+σ∗

V T − B̂v+σ∗
ST )

=
α + β

2
(V LO∗

V T − V LO∗
ST ) +

α + β

2
σ

Using (8), V LO∗
V T − V LO∗

ST ≤ α+β
2−α−βσ, so B̂

v−σ∗
V T ≤ B̂v+σ∗

ST .

Now assume
α

α + β
>

(v + σ + L− B̂+σ
FT )

(v + σ + L− B̂+σ
ST )
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Then,

V LO
V T = {(1− α− β)

2
(v + L− B̂v+σ∗

V T )

+
α

4
(v + σ + L− B̂v+σ∗

ST )

+
α

4
(v − σ + L− B̂v−σ∗

ST )}

≤ {(1− α− β)
2

(v + L− B̂v+σ∗
V T )

+
α + β

4
(v + σ + L− B̂v+σ∗

ST )

+
α + β

4
(v − σ + L− B̂v−σ∗

ST )}

and therefore,

V LO∗
V T − V LO∗

ST ≤ α + β

4
(B̂v+σ∗

V T − B̂v−σ∗
ST ) +

α + β

4
(B̂v+σ∗

V T − B̂v+σ∗
ST )

=
α + β

2
(V LO∗

V T − V LO∗
ST ) +

α + β

2
σ

so we again have B̂v−σ∗
V T ≤ B̂v+σ∗

ST .

5.3 Equilibrium

For each equilibrium, note that each group of traders has following strategy set:

{B̂v−σ∗
ST , B̂v−σ∗

FT , B̂v−σ∗
V T , B̂v+σ∗

ST , B̂v+σ∗
FT , B̂v+σ∗

V T }

For each individuals, we must show that their strategy is incentive compatible. It is clear from

the payoff structure (step function of execution probability) that investors will only choose one

of the six strategies {B̂v−σ∗
ST , B̂v−σ∗

FT , B̂v−σ∗
V T , B̂v+σ∗

ST , B̂v+σ∗
FT , B̂v+σ∗

V T }. Furthermore, it is clear that

we only need to consider the incentive compatibility of VTs from {B̂v−σ∗
V T , B̂v+σ∗

V T } and FTs from

{B̂v−σ∗
FT , B̂v−σ∗

V T , B̂v+σ∗
FT , B̂v+σ∗

V T } since other strategies are (weakly) dominated. Since we actually
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have 2 different strategies for each B̂v−σ∗
V T and B̂v+σ∗

V T depending on the inequality in (14), we have

maximum 6× 4× 2× 2 = 96 different possible equilibrium strategy profiles from all strategy sets.

However, these strategies still may not all be feasible. We show the following result which differs

from Hoffman (2014).

Proposition 1. For some fixed parameters (α, β, σ, L), a pure strategy equilibrium may not

exist. Furthermore, not all strategy profiles are feasible for equilibrium.

Proof. For the first part of the proposition, it is enough to show an example where an

equilibrium strategy does not exist for certain set of fixed parameter. When α =.5, β = .3,

σ = .5, and L = 1 we can easily find that none of the possible strategies satisfy an equilibrium

strategy.

For the second part of the proposition, we can show that B̂∗ST = B̂v−σ
ST , B̂∗FT = B̂v−σ

FT ,

B̂∗V T = B̂v+σ
V T does not constitute an equilibrium. Details of this proof are shown in the

appendix. Furthermore, we argue that some other strategy profiles are also non-feasible.

Proposition 2. For some fixed parameters (α, β, σ, L), equilibrium exists where optimal

strategy is non-monotonic in speed.

The above proposition can be easily supported by finding an example. For given σ ∈

{.1, .2, . . . , .9} and L = 1,we numerically test 4,950 different (α, β) pairs by letting α, β ∈

{.01, .02, .03, . . . , .99} where α+ β ≤ 1. The frequency of equilibrium pair is shown in Table

(A). For example, we find that there are 162 different pairs of (α, β) equilibrium events

where B̂∗ST = B̂v+σ∗
V T , B̂∗FT = B̂v+σ∗

FT , and B̂∗V T = B̂v+σ∗
V T when σ = .1.10 Graphical plots of

equilibrium strategies are provided in Figure A. Fast traders may fear a lot more about very

fast traders picking their trades off more than slow traders do and can benefit more when

they avoid this pick-off. With Lemma 1, it shows that the inequality holds for Proposition 2.

This provides a theoretical reason why we observe the results in Table 8. The game between

traders become more complicated when there exists more than one counter-parties. Fast
10This is one example that Proposition 2 holds. Clearly from Lemma 1, there can be other examples where

Proposition 2 holds.

19



traders may fear a lot more about very fast traders picking their trades off more than slow

traders do and can benefit more when they avoid this pick-off.

6 Conclusion

Ability to trade faster than others change the behavior of not just the ones who are able, but

all the potential counter-parties who trades with them. We show evidence that slow investors

do fear the chances of their limit orders being picked off. Slow investors make market orders

more often than fast investors and when they do make limit orders, they put the limit orders

further away from the market value which lowers the possibility of execution. However, with

multiple types of traders which differs by speed, we may not see a monotonicity of limit

order spread by speed, which is supported by the data from the KOSPI 200 Futures market.

While the previous literature lacks explaining this phenomenon, we provide a theoretical

model that can explain this observation.
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A Proof of Proposition 1

In this part, we only show the conditions one of the many possible cases for equilibrium. We focus on

the case when B̂∗ST = B̂v−σ∗
ST , B̂∗FT = B̂v−σ∗

FT , and B̂∗V T = B̂v−σ∗
V T . First we check on the case where

α
α+β

<
(v+σ+L−B̂v+σFT )

(v+σ+L−B̂v+σST )
.

V LO∗
ST = α

4
[v − σ + L− B̂v−σ∗

ST ]

V LO∗
FT = β

4
[v − σ + L− B̂v−σ∗

FT ] + α
4
(v + σ + L− B̂v+σ∗

ST ) + α
4
(v − σ + L− B̂v−σ∗

ST )

V LO∗
V T = (1−α−β)

4
(v−σ+L−Bv+σ∗

V T )+ (1−α−β)
4

(v+σ+L−Bv+σ∗
V T )+α

4
(v+σ+L−B̂v+σ∗

ST )+α
4
(v−σ+L−B̂v−σ∗

ST )

so we have

V LO∗
ST = VST (B̂

v−σ∗
ST ) =

α

4
[v − σ + L− B̂v−σ∗

ST ]

=
α

4
[2L− V LO∗

ST ]

= (
α

4 + α
)(2L). (15)

For FTs,

V LO∗
FT =

β

4
[2L− V LO∗

FT ] +
α

2
[2L− V LO∗

ST ]

=
1

4 + β
[2L(2α + β)− 2αV LO∗

ST ]. (16)

Plugging in (15),

V LO∗
FT =

β(4 + α) + 8α

(4 + β)(4 + α)
2L. (17)

We also should have the optimal strategy for VTs,

V LO∗
V T = −1− α− β

2
σ +

1− α− β
4

[2L− V LO∗
V T ] +

1− α− β
4

[2L− V LO∗
V T ]

+
α

4
[2L− V LO∗

ST ] +
α

4
[2L− V LO∗

ST ]

= −1− α− β
2

σ +
1− α− β

2
[2L− V LO∗

V T ] +
α

2
[2L− V LO∗

ST ]

= −1− α− β
3− α− β

σ +
2

3− α− β
[(1− β)L− α

2
V LO∗
ST ]. (18)
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Applying (15) to (18) gives

V LO∗
V T = −1− α− β

3− α− β
σ +

(1− β)(4 + α)− α2

(3− α− β)(4 + α)
2L (19)

Since we assume α
α+β

<
(v+σ+L−B̂v+σFT )

(v+σ+L−B̂v+σST )
, (15) and (16) gives

β >
α2

4− 2α
(20)

V LO∗
ST should be greater than other available strategies for STs, i.e., slow traders using B̂v−σ∗

FT strategy

gives

VST

(
B̂v−σ∗
FT

)
=

α + β

4
[v − σ + L− B̂v−σ∗

FT ]

=
α + β

4
[2L− V LO∗

FT ]

=
(α + β)(4− α)
(4 + β)(4 + α)

2L (21)

which should satisfy the incentive compatibility,

V LO∗
ST ≥ VST (B̂

v−σ∗
FT )

(
α

4 + α
)(2L) ≥ (α + β)(4− α)

(4 + β)(4 + α)
2L

that gives

β ≤ α2

4− 2α
. (22)

This contradicts with (20). Thus, B̂∗ST = B̂v−σ∗
ST , B̂∗FT = B̂v−σ∗

FT , and B̂∗V T = B̂v+σ∗
V T , where α

α+β
<

(v+σ+L−B̂v+σFT )

(v+σ+L−B̂v+σST )
cannot be an equilibrium.

Thus we should have α
α+β

>
(v+σ+L−B̂v+σFT )

(v+σ+L−B̂v+σST )
. Note that for the FTs, B̂v−σ

V T strategy should not give higher

value. So,
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VFT (B̂
v−σ∗
V T ) =

1− α
4

(2L− V LO∗
V T ) +

α

2
(2L− V LO∗

ST )

=
(1− α)(1− α− β)

4(3− α− β)
σ +

(
(1− α)(8− 2α)

4(3− α− β)(4 + α)
+

2α

4 + α

)
2L

Incentive compatible condition implies

V LO∗
FT ≥ VFT (B̂

v−σ∗
V T )

β(4 + α) + 8α

(4 + β)(4 + α)
2L ≥ (1− α)(1− α− β)

4(3− α− β)
σ +

(
(1− α)(8− 2α)

4(3− α− β)(4 + α)
+

2α

4 + α

)
2L

(4− α)[(β − 4)(1− α− β)− β2]

(4 + α)(4 + β)(1− α)(1− α− β)
4L ≥ σ (23)

Since α, β ∈ [0, 1] and α + β ∈ [0, 1], the LHS of (23) is negative. Since L > 0 and σ > 0, it contradicts

that, B̂∗ST = B̂v−σ∗
ST , B̂∗FT = B̂v−σ∗

FT , and B̂∗V T = B̂v+σ∗
V T is an equilibrium where α

α+β
>

(v+σ+L−B̂v+σFT )

(v+σ+L−B̂v+σST )
. Hence

we conclude that strategy profile B̂∗ST = B̂v−σ∗
ST , B̂∗FT = B̂v−σ∗

FT , and B̂∗V T = B̂v+σ∗
V T cannot be an equilibrium

strategy.

25



B Tables and Figures

Table 1: Summary Statistics

This table reports the basic statistics of orders submitted from 9:10 a.m. to 2:50 p.m. which are during continuous trading hours
in the Korea Exchange for the KOSPI 200 Futures from March 12, 2010 to June 12, 2014 for nearest maturity futures, exluding
those that matures within one week. Qty is order quantity per order submitted, Surv is survival time of non-marketable limit
order, Dist is defined as the difference between limit buy (sell) order to best ask (bid) in ticks, but truncated at 10 ticks. One
tick is 0.05 in index. Non-marketable limit orders that are classified as “else” are orders that are not executed, revised, nor
canceled until the end of continuous trading hour (3:05 p.m.). All statistics for Surv and Dist are weighted by Qty.

N Mean(Qty) Std(Qty) Mean(Surv) Std(Surv) Mean(Dist) Std(Dist)
Market Order 6,457,259 1.61 1.94
Marketable Limit Order 90,355,557 2.13 3.65
Non-Marketable All 277,780,030 2.62 5.78 244.36 2171.62 2.81 4.54
Limit Order Executed 95,926,889 2.10 3.57 188.51 1366.10 1.54 2.50

Revise 63,426,717 2.10 3.85 169.37 1301.18 4.82 4.72
Cancel 117,543,084 3.33 7.69 298.63 2941.29 2.75 4.83
Else 883,340 2.89 8.67 8.59 4.51

Other 465,339 2.76 6.29
Total 375,058,185 2.49 5.30
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Table 2: Number of Active Accounts by Investor Group and Nearest Maturity Date

This table shows the number of active accounts trading nearest maturity futures, by investor group and maturity in Korea
Exchange trading KOSPI 200 Futures from March 12, 2010 to June 12, 2014. For example, there are 567 accounts identified
as local investment firm in the period where the earliest next maturity date that is June 10, 2010 (first row, first column).
Active account refers to any existing account that has submitted one or more orders during the period. Investment firms are
investment banks, other finance firms are financial firms that are not classified as investment banks (e.g. commercial banks,
insurance companies, invesment trusts, etc.), other institutions are firms that are not classified as financial firms which includes
government and pensions. The majority of account holders in KOSPI 200 Futures market are local retail investors.

6/10/10 9/9/10 12/9/10 3/10/11 6/9/11 9/8/11 12/8/11 3/8/12 6/14/12 9/13/12 12/13/123/14/13 6/13/13 9/12/13 12/12/133/13/14 6/12/14

Local
Investment

N 567 547 546 625 646 628 613 636 705 730 632 688 682 611 597 553 532
% 2.99 2.96 3.14 3.51 3.41 3.06 2.83 3.26 3.81 3.81 3.83 4.28 4.04 3.35 3.77 3.44 3.42

Local Other
Finance

N 1,978 1,907 1,838 2,029 2,202 2,086 2,212 1,984 1,971 1,929 1,624 1,547 1,627 1,724 1,359 1,358 1,238
% 10.43 10.34 10.58 11.39 11.62 10.17 10.23 10.18 10.64 10.07 9.83 9.63 9.64 9.45 8.57 8.45 7.95

Other Local
Institution

N 260 288 272 318 367 311 307 277 280 281 228 223 219 218 165 158 166
% 1.37 1.56 1.57 1.79 1.94 1.52 1.42 1.42 1.51 1.47 1.38 1.39 1.30 1.20 1.04 0.98 1.07

Local Retail
Investor

N 15,646 15,185 14,170 14,320 15,189 16,926 17,921 16,071 15,062 15,725 13,559 13,132 13,860 15,208 13,288 13,558 13,205
% 82.49 82.31 81.58 80.41 80.15 82.50 82.86 82.46 81.33 82.10 82.10 81.76 82.14 83.38 83.84 84.33 84.77

Foreign
Investor

N 517 522 544 516 546 566 574 522 502 488 473 472 486 478 441 451 437
% 2.73 2.83 3.13 2.90 2.88 2.76 2.65 2.68 2.71 2.55 2.86 2.94 2.88 2.62 2.78 2.81 2.81

Total 18968 18449 17370 17808 18950 20517 21627 19490 18520 19153 16516 16062 16874 18239 15850 16078 15578

27



Table 3: Order Quantity by Investor Group and Nearest Maturity Date

This table shows the number of order quantities by account type and maturity that are submitted from 9:10 a.m. to 2:50 p.m.
in the Korea Exchange for the KOSPI 200 Futures from March 12, 2010 to June 12, 2014 for nearest maturity futures, exluding
those that matures within one week. Investment firms are investment banks, other finance firms are financial firms that are
not classified as investment banks (e.g. commercial banks, insurance companies, investment trusts, etc.), other institutions are
firms that are not classified as financial firms which includes government and pensions.

(in thousands)
6/10/10 9/9/10 12/9/10 3/10/11 6/9/11 9/8/11 12/8/11 3/8/12 6/14/12 9/13/12 12/13/123/14/13 6/13/13 9/12/13 12/12/133/13/14 6/12/14

Local
Investment

N 24,380 22,704 19,645 19,012 19,056 19,497 18,158 13,800 13,280 20,147 16,408 12,810 9,040 9,306 6,460 6,850 5,880
% 37.08 35.49 31.61 33.35 31.19 25.91 26.12 27.31 25.2 32.73 30.87 28.22 20.32 17.93 16.67 17.51 14.3

Local Other
Finance

N 1,264 1,459 1,778 2,240 3,849 3,258 3,361 2,015 2,706 2,272 1,916 613 590 611 402 394 333
% 1.92 2.28 2.86 3.93 6.30 4.33 4.83 3.99 5.13 3.69 3.61 1.35 1.33 1.18 1.04 1.01 0.81

Other Local
Institution

N 472 1,050 1,417 1,569 844 615 428 253 290 284 175 290 312 490 408 270 282
% 0.72 1.64 2.28 2.75 1.38 0.82 0.62 0.50 0.55 0.46 0.33 0.64 0.70 0.94 1.05 0.69 0.69

Local Retail
Investor

N 18,003 18,315 16,311 17,281 19,596 26,931 24,740 16,503 19,474 20,240 18,698 14,213 16,859 18,074 12,656 12,426 11,127
% 27.38 28.63 26.24 30.32 32.07 35.79 35.59 32.66 36.95 32.88 35.18 31.31 37.90 34.83 32.66 31.77 27.06

Foreign
Investor

N 21,633 20,451 23,004 16,902 17,756 24,948 22,822 17,958 16,951 18,610 15,951 17,466 17,678 23,416 18,824 19,175 23,501
% 32.90 31.97 37.01 29.65 29.06 33.15 32.83 35.54 32.16 30.23 30.01 38.48 39.74 45.12 48.58 49.02 57.15

Total 65,752 63,979 62,156 57,003 61,101 75,248 69,509 50,530 52,702 61,554 53,149 45,393 44,479 51,897 38,749 39,114 41,123
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Table 4: Speed, Trading Frequency, and Trading Behavior

This table presents descriptive statistics for every maturity-account pair with at least one trading volume during the regular
trading hours. Panel A shows the basic statistics for all account-maturity pair. Panel B shows the correlation of fraction of
market orders submitted and limit order spread, as well as high-frequency trading proxies such as order-to-trade ratio and
cancel-to-trade ratio. Dist is defined as the difference between the price of limit buy (sell) order to best ask (bid) price.
ln LimitOrder

LimitTrade
is the log of total number of limit orders submitted over total number of orders executed that were submitted via

limit orders. ln(1+ Canel
Trade

) is the log of one plus the total number of cancellations over total number of orders executed that were
submitted via limit orders. The two proxies are logged to prevent right skewed figures in raw numbers that affect the mean.
Trading speed ` is constructed from (1).

Panel A: Basic Statistics
N Mean Std.Dev. 10% Median 90%

MktOrd% 306,049 1.11 396.09 0.00 0.00 1.73
MktbOrd% 306,049 21.77 1230.03 0.24 13.76 57.11

Dist 287,597 2.60 103.42 0.99 2.053 5.31
ln LimitOrder

LimitTrade
268,359 1.89 108.57 0.44 1.16 4.17

ln(1 + Canel
Trade

) 268,359 1.47 96.20 0.28 0.91 3.04

Panel B: Correlation Matrix
MktOrd% MktbOrd% Dist ln LimitOrder

LimitTrade
ln(1 + Cancel

LimitTrade
)

MktbOrd% 0.25322
Dist 0.04547 -0.41519

ln LimitOrder
LimitTrade

-0.08839 -0.40842 0.28996
ln(1 + Canel

Trade
) -0.08252 -0.2833 -0.01551 0.81947

` -0.17265 -0.08917 -0.14706 0.17273 0.22469
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Table 5: Number of Active Accounts by Trading Speed and Nearest Maturity Date

This table shows the number of active accounts by trading speed (ˆ̀) and for each time periods between maturity dates in Korea
Exchange trading KOSPI 200 Futures from March 12, 2010 to June 12, 2014. Trading speed is calculated by equation (2), so
that −3 is the accounts observed to be able to submit multiple orders within a millisecond. Smaller number implies ability to
trade faster. Active account refers to any exisiting account that has submitted one or more orders during the period.The last
column refers to the number of active accounts during the whole sample period. It differs from the simple sum of the row since
same account may trade over multiple periods.

ˆ̀ 6/10/10 9/9/10 12/9/10 3/10/11 6/9/11 9/8/11 12/8/11 3/8/12 6/14/12 9/13/12 12/13/123/14/13 6/13/13 9/12/13 12/12/133/13/14 6/12/14

1
N 1735 1755 1480 1776 1871 1577 1558 1700 1526 1580 1490 1410 1495 1526 1334 1458 1603
% 9.15 9.51 8.52 9.97 9.87 7.69 7.2 8.72 8.24 8.25 9.02 8.78 8.86 8.37 8.42 9.07 10.29

2
N 3806 3588 3480 3708 3728 3941 4059 3842 3430 3613 3150 3259 3255 3684 3301 3374 3236
% 20.07 19.45 20.03 20.82 19.67 19.21 18.77 19.71 18.52 18.86 19.07 20.29 19.29 20.2 20.83 20.99 20.77

3
N 7180 6889 6407 6377 6917 7597 8261 7274 6670 7000 5905 5661 6026 6496 5632 5767 5337
% 37.85 37.34 36.89 35.81 36.5 37.03 38.2 37.32 36.02 36.55 35.75 35.24 35.71 35.62 35.53 35.87 34.26

4
N 1433 1322 1317 1294 1434 1729 1859 1524 1601 1571 1233 1355 1371 1420 1250 1207 1108
% 7.55 7.17 7.58 7.27 7.57 8.43 8.6 7.82 8.64 8.2 7.47 8.44 8.12 7.79 7.89 7.51 7.11

5
N 1896 1917 1723 1650 1839 2064 2112 1982 1994 2064 1791 1663 1746 1955 1638 1648 1492
% 10 10.39 9.92 9.27 9.7 10.06 9.77 10.17 10.77 10.78 10.84 10.35 10.35 10.72 10.33 10.25 9.58

6
N 1988 1868 1853 1970 2067 2252 1876 1188 1155 1205 975 918 1024 1099 964 940 932
% 10.48 10.13 10.67 11.06 10.91 10.98 8.67 6.1 6.24 6.29 5.9 5.72 6.07 6.03 6.08 5.85 5.98

7
N 930 1110 1110 1033 1094 1357 1902 1980 2144 2120 1972 1796 1957 2059 1731 1684 1870
% 4.9 6.02 6.39 5.8 5.77 6.61 8.79 10.16 11.58 11.07 11.94 11.18 11.6 11.29 10.92 10.47 12

Total 18968 18449 17370 17808 18950 20517 21627 19490 18520 19153 16516 16062 16874 18239 15850 16078 15578
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Table 6: Order Quantity by Trading Speed and Nearest Maturity Date

This table shows the number of orders submitted during regular trading hours (9:00AM to 3:05PM) by trading speed (ˆ̀) and
for each time periods between maturity dates in Korea Exchange trading KOSPI 200 Futures from March 12, 2010 to June 12,
2014. Any order submitted count as a single order disregarding the size of order. Trading speed is calculated by equation (2),
so that −3 is the accounts observed to be able to submit multiple orders within a millisecond. Smaller number implies ability
to trade faster. We only report figures for regular market hours since we focus on order behavior when investors can observe
the limit order. KOSPI market uses single price auction before and after regular trading hours.

(in thousands)
ˆ̀ 6/10/10 9/9/10 12/9/10 3/10/11 6/9/11 9/8/11 12/8/11 3/8/12 6/14/12 9/13/12 12/13/123/14/13 6/13/13 9/12/13 12/12/133/13/14 6/12/14

1
N 36 43 26 40 35 22 23 26 22 20 19 18 18 18 14 15 18
% 0.05 0.07 0.04 0.07 0.06 0.03 0.03 0.05 0.04 0.03 0.04 0.04 0.04 0.04 0.04 0.04 0.04

2
N 296 304 265 272 305 307 312 252 225 248 196 210 212 251 177 200 163
% 0.45 0.48 0.43 0.48 0.50 0.41 0.45 0.50 0.43 0.40 0.37 0.46 0.48 0.48 0.46 0.51 0.40

3
N 2,812 2,784 2,480 2,410 2,920 3,331 3,530 2,054 2,083 2,054 1,557 1,523 1,623 1,825 1,331 1,221 1,029
% 4.28 4.35 3.99 4.23 4.78 4.43 5.08 4.06 3.95 3.34 2.93 3.36 3.65 3.52 3.43 3.12 2.50

4
N 1,365 1,143 969 906 1,184 1,446 1,485 976 964 908 790 788 993 712 519 437 468
% 2.08 1.79 1.56 1.59 1.94 1.92 2.14 1.93 1.83 1.47 1.49 1.74 2.23 1.37 1.34 1.12 1.14

5
N 2,736 2,797 2,241 1,743 2,293 3,572 3,761 2,771 2,826 2,558 2,100 1,722 1,641 1,791 1,436 1,403 1,188
% 4.16 4.37 3.61 3.06 3.75 4.75 5.41 5.48 5.36 4.16 3.95 3.79 3.69 3.45 3.71 3.59 2.89

6
N 44,214 39,119 38,034 34,876 38,353 36,761 14,506 3,371 3,899 4,874 3,016 2,604 2,930 4,022 3,938 2,389 1,796
% 67.24 61.14 61.19 61.18 62.77 48.85 20.87 6.67 7.40 7.92 5.68 5.74 6.59 7.75 10.16 6.11 4.37

7
N 14,292 17,790 18,140 16,757 16,012 29,810 45,892 41,080 42,682 50,892 45,470 38,528 37,063 43,278 31,335 33,449 36,461
% 21.74 27.81 29.18 29.40 26.21 39.61 66.02 81.30 80.99 82.68 85.55 84.88 83.33 83.39 80.87 85.52 88.66

Total 65,752 63,979 62,156 57,003 61,101 75,248 69,509 50,530 52,702 61,554 53,149 45,393 44,479 51,897 38,749 39,114 41,123
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Table 7: How speed affect investor’s choice of order

This table presents results from a logit regression of choosing to submit market order on speed, volatility,
and the top limit order book status variables for futures that matures September 2011 using KOSPI 200
Futures data:

mktorderidt = α + βSi + γidtV oldt +BBQdt +BAQdt + εidt

For columns (1) to (4), mktorderitd is constructed as 1 if the order submitted by individual i at time t
on day d is market order and 0 otherwise. For columns (5) to (8), market order also includes marketable
orders, which are buy (sell) limit orders which is above (below) or at the best ask (bid) price. Si is a vector
of dummies representing each speed (ˆ̀) group from 2 to 7. V old is the 30-second volatility from volatility
index implied by KOSPI 200 options. BBQtd is the quantity of limit order placed at the best bid and
BAQtd is the quantity of limit order placed at the best ask. Standard errors are reported in parenthesis.

Market Orders +Marketable Orders
All Orders All Orders Sell Orders Buy Orders All Orders All Orders Sell Orders Buy Orders

Intercept -0.73689 -1.38220 -1.21817 -1.19267 0.59483 0.58092 0.78827 0.64979
(0.01438) (0.01408) (0.02116) (0.02162) (0.01406) (0.01408) (0.01992) (0.02080)

Speed2 -1.05676 -1.07419 -1.04071 -1.10900 -1.20735 -1.20751 -1.24879 -1.27408
(0.01528) (0.01456) (0.02156) (0.02205) (0.01456) (0.01456) (0.02058) (0.02143)

Speed3 -2.19777 -2.20876 -2.16015 -2.25403 -1.39394 -1.39385 -1.40566 -1.50560
(0.01460) (0.01411) (0.02057) (0.02110) (0.01411) (0.01411) (0.01992) (0.02080)

Speed4 -2.36482 -2.39593 -2.34110 -2.47283 -1.58792 -1.58823 -1.55716 -1.68578
(0.01496) (0.01418) (0.02107) (0.02161) (0.01418) (0.01418) (0.02003) (0.02090)

Speed5 -2.58598 -2.62216 -2.58391 -2.66681 -1.77697 -1.77737 -1.80527 -1.88823
(0.01467) (0.01411) (0.02067) (0.02121) (0.01411) (0.01411) (0.01993) (0.02081)

Speed6 -3.64648 -3.64042 -3.61806 -3.68611 -1.61710 -1.61662 -1.62659 -1.66120
(0.01446) (0.01406) (0.02037) (0.02091) (0.01406) (0.01406) (0.01986) (0.02073)

Speed7 -4.34731 -4.40376 -4.38834 -4.42716 -1.98659 -1.98732 -2.05930 -2.07157
(0.01457) (0.01407) (0.02054) (0.02107) (0.01407) (0.01407) (0.01986) (0.02074)

V ol 0.02358 0.02049 0.02066 0.00052 -0.00188 -0.00028
(0.00003) (0.00016) (0.00015) (0.00003) (0.00005) (0.00005)

BAQ -0.00253 0.00091 0.00445 -0.00582
(0.00003) (0.00002) (0.00001) (0.00001)

BBQ 0.00065 -0.00208 -0.00647 0.00560
(0.00003) (0.00003) (0.00001) (0.00001)

Obs. 30,048,272 30,048,272 14,892,524 15,155,748 30,048,272 30,048,272 14,892,524 15,155,748
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Table 8: How Account Speed affects Investor’s Limit Order Behavior

This table presents results from a following censored regression (Tobit) of limit order spread on on speed,
volatility, and the top limit order book status variables for futures that matures September 2011 using
KOSPI 200 Futures data:

Distitd = α + βSi + γitdV oldt +BBQtd +BAQtd + εitd

limspreaditd is the price difference between submitted limit buy (sell) order price and the best ask (bid)
available, Si is a vector of dummies representing each speed (ˆ̀) group from 2 to 7. V old is the 30-second
volatility from volatility index implied by KOSPI 200 options. BBQtd is the quantity of limit order placed
at the best bid and BAQtd is the quantity of limit order placed at the best ask. Columns (1)–(4) report
results including marketable limit orders. Columns (5)–(8) report results excluding marketable limit orders.
Standard errors are reported in parenthesis.

All Limit Orders Non-marketable Limit Orders
All Orders All Orders Sell Orders Buy Orders All Orders All Orders Sell Orders Buy Orders

Intercept 1.43991 0.97294 1.19610 2.06331 5.32804 4.80187 5.24970 4.82382
(0.05539) (0.05529) (0.07517) (0.08070) (0.06206) (0.06196) (0.08506) (0.09007)

Speed2 1.74577 1.75581 1.70579 1.09678 -0.43861 -0.42445 -0.56171 -0.03020
(0.05678) (0.05664) (0.07703) (0.08250) (0.06321) (0.06308) (0.08660) (0.09157)

Speed3 0.72958 0.74499 0.63426 0.15007 -1.41758 -1.40034 -1.55807 -0.98783
(0.05550) (0.05537) (0.07520) (0.08073) (0.06216) (0.06203) (0.08510) (0.09010)

Speed4 0.62931 0.63213 0.51520 -0.03325 -1.84573 -1.83825 -1.94252 -1.46954
(0.05565) (0.05552) (0.07542) (0.08093) (0.06227) (0.06214) (0.08526) (0.09026)

Speed5 2.14549 2.14160 2.04730 1.52019 -0.28192 -0.28814 -0.42987 0.10911
(0.05549) (0.05536) (0.07518) (0.08072) (0.06214) (0.06202) (0.08507) (0.09009)

Speed6 0.13410 0.14711 0.06509 -0.55846 -2.31563 -2.28824 -2.40064 -1.87930
(0.05540) (0.05526) (0.07505) (0.08058) (0.06207) (0.06194) (0.08496) (0.08998)

Speed7 0.16296 0.01706 0.18059 -0.62897 -2.72404 -2.74098 -2.75867 -2.43499
(0.05540) (0.05527) (0.07505) (0.08059) (0.06207) (0.06194) (0.08497) (0.08998)

V ol 0.01450 0.01162 0.01269 0.01918 0.01003 0.01342
(0.00008) (0.00013) (0.00013) (0.00007) (0.00012) (0.00012)

BAQ -0.00520 0.00347 0.00006 -0.00235
(0.00002) (0.00002) (0.00002) (0.00002)

BBQ 0.00401 -0.00719 -0.00223 -0.00045
(0.00002) (0.00002) (0.00002) (0.00002)

Obs. 29,326,567 29,326,567 14,531,110 14,795,457 21,289,101 21,289,101 10,459,321 10,829,780
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Table 9: Market and Marketable Orders by Speed

This table presents weighted average of market orders and all marketable orders over total orders submitted
by each speed group using maturity-speed pair during our whole sample period.

Market Orders % +Marketable Orders %
ˆ̀ N Mean Std.Dev. Mean Std.Dev.
1 26,874 28.07 41.18 62.63 39.85
2 60,454 11.80 27.78 32.53 32.78
3 111,396 3.98 15.15 25.06 26.17
4 24,028 3.76 15.92 26.09 28.96
5 31,174 3.98 17.00 25.35 28.73
6 24,274 1.35 6.96 25.61 22.42
7 27,849 0.44 3.05 19.16 20.60
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Table 10: Equilibrium Frequency for Each Strategy Pairs

This table serves as numerical proof of Proposition 1 and Proposition 2. It reports the number of equilib-
rium strategies for given σ ∈ {.1, .2, . . . , .9}, and for each α and β to have values of {.01, .02, .03, . . . , .99}
where α+ β ≤ 1 and L = 1. Therefore, we test 4,950 different (α, β) pairs for each σ given. For example,
when σ = .1, it shows that there are 35 (α, β) pairs when B̂∗ST = B̂v+σ∗

FT , B̂∗FT = B̂v+σ∗
FT , and B̂∗V T = B̂v−σ∗

V T .
The results imply that not all (α, β, σ) pairs constitute an equilibrium, and from Lemma 1, that limit order
behavior may be non-monotonic. Number of non-monotonic order behavior equilibrium are in bold.

σ = .1

B̂∗V T = B̂v−σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 1

B̂v+σ∗FT 0 0 35 0

B̂v+σ∗V T 0 0 31 12

B̂∗V T = B̂v+σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 17

B̂v+σ∗FT 0 0 189 29

B̂v+σ∗V T 0 0 162 2319

σ = .2

B̂∗V T = B̂v−σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 4

B̂v+σ∗FT 0 0 34 0

B̂v+σ∗V T 0 0 26 5

B̂∗V T = B̂v+σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 53

B̂v+σ∗FT 0 0 293 55

B̂v+σ∗V T 0 0 205 2037

σ = .3

B̂∗V T = B̂v−σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 10

B̂v+σ∗FT 0 0 37 0

B̂v+σ∗V T 0 0 28 3

B̂∗V T = B̂v+σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 120

B̂v+σ∗FT 0 0 378 74

B̂v+σ∗V T 0 0 271 1840

σ = .4

B̂∗V T = B̂v−σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 9

B̂v+σ∗FT 0 0 33 0

B̂v+σ∗V T 0 0 30 2

B̂∗V T = B̂v+σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 117

B̂v+σ∗FT 0 0 498 96

B̂v+σ∗V T 0 0 426 202535



(Table 1 continued)

σ = .5

B̂∗V T = B̂v−σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 10

B̂v+σ∗FT 0 0 34 0

B̂v+σ∗V T 0 0 18 1

B̂∗V T = B̂v+σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 0 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 0 170

B̂v+σ∗FT 0 0 492 104

B̂v+σ∗V T 0 0 324 1480

σ = .6

B̂∗V T = B̂v−σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 23 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 1 10

B̂v+σ∗FT 0 0 37 0

B̂v+σ∗V T 0 0 2 0

B̂∗V T = B̂v+σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 0 0 168 0

B̂v−σ∗V T 0 0 0 0

B̂v+σ∗ST 0 0 2 277

B̂v+σ∗FT 0 0 546 85

B̂v+σ∗V T 0 0 91 516

σ = .7

B̂∗V T = B̂v−σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 15 22 330 0

B̂v−σ∗V T 0 818 102 0

B̂v+σ∗ST 1 343 0 0

B̂v+σ∗FT 0 92 454 0

B̂v+σ∗V T 0 0 0 0

B̂∗V T = B̂v+σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 7 2 34 0

B̂v−σ∗V T 0 1 0 1

B̂v+σ∗ST 1 18 0 0

B̂v+σ∗FT 0 0 27 0

B̂v+σ∗V T 0 0 0 824

σ = .8

B̂∗V T = B̂v−σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 0 0

B̂v−σ∗FT 341 117 234 0

B̂v−σ∗V T 0 2102 7 0

B̂v+σ∗ST 0 147 0 0

B̂v+σ∗FT 0 8 104 0

B̂v+σ∗V T 0 0 0 0

B̂∗V T = B̂v+σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 0 147 4

B̂v−σ∗FT 39 11 27 0

B̂v−σ∗V T 0 6 0 0

B̂v+σ∗ST 0 4 0 0

B̂v+σ∗FT 0 0 0 0

B̂v+σ∗V T 0 0 0 0

σ = .9

B̂∗V T = B̂v−σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 137 0 0

B̂v−σ∗FT 447 219 133 0

B̂v−σ∗V T 0 2145 0 0

B̂v+σ∗ST 0 0 0 0

B̂v+σ∗FT 0 0 0 0

B̂v+σ∗V T 0 0 0 0

B̂∗V T = B̂v+σ∗V T B̂∗FT

B̂v−σ∗FT B̂v−σ∗V T B̂v+σ∗FT B̂v+σ∗V T

B̂∗ST

B̂v−σ∗ST 0 7 0 0

B̂v−σ∗FT 39 15 16 0

B̂v−σ∗V T 0 7 0 0

B̂v+σ∗ST 0 0 0 0

B̂v+σ∗FT 0 0 0 0

B̂v+σ∗V T 0 0 0 0
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Figure 1: KOSPI 200 and Volatility Index

The figure shows the daily KOSPI 200 index and the daily V-KOSPI Index from Jan 1, 2010 to July 30,
2014. V-KOSPI is the volatility index implied by KOSPI 200 options.
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Figure 2: Equilibrium for Strategy Pairs by Asset Variance
This figure plots the equilibrium strategies for σ ∈ {.5, .8, .1.0}, and for each α and β to have values of
.01, .02, .03, . . . , .99, where α + β ≤ 1 and L = 1. The strategies are solved numerically. Therefore, each
figure seen below can have, at most, 4,950 plots per investor type, namely, for slow traders (STs), fast

traders (FTs), and very fast traders (VTs).
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(Figure 2 continued)
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