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Abstract. This study examines the information role of inter-transaction time by employing
a structural market microstructure model. By analyzing the intraday data of the KOSPI200
futures market, we find that the inter-transaction time (i.e., time between two consecutive trades) reveals significant information, and that fast trading is indicative of informed
trading. This result remains robust when the effect of trade size is incorporated into the
model. Our regression analysis indicates that the information role of inter-transaction time
becomes more important when informed trading is less concentrated, liquidity is lower,
and the market is more volatile.
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Introduction
The information contained in trade-related variables such as trade size, trade direction,
and trading intensity has been continuously studied by market microstructure research.
The empirical findings, however, remain inconsistent. For example, among studies that
examine the information role of trade size, some argue that large-sized trades carry
higher-quality information than small-sized trades (Easley et al. 1997; Easley, O’Hara
1987; Holthausen et al. 1990; Lin et al. 1995). Others have the opposite view, insisting
that smaller trades are more informative because they often include strategic trades by
informed investors who split their orders (Anand, Chakravarty 2007; Barclay, Warner
1993; Chakravarty 2001; Kim, Ryu 2012; Ryu 2012a). Another strand of research focuses on the information contained in the trade direction. Most of this research claims
that buy trades are more informative than sell trades due to reasons such as market frictions and the asymmetric payoff structures of financial assets (Ahn et al. 2010; Easley
et al. 1996). One study by Ryu (2013), however, reports that sell trades can be more
informative in the absence of frictions and asymmetries.

Copyright © 2015 Vilnius Gediminas Technical University (VGTU) Press

D. Ryu. Information content of inter-transaction time: a structural approach

In contrast to the abundance of studies on trade size and trade direction, there is relatively little research on market microstructure addressing the information role of time
between trades. Similar to trade size and direction, the inter-transaction time (i.e., time
between trades) is not likely to be randomly decided, but rather is determined by the
strategic decisions of informed investors and liquidity traders, and the interactions
among them. Accordingly, the inter-transaction time can carry information. There is little consensus, however, on the significance of the information role of inter-transaction
time. Even the hypotheses suggested by foundational microstructure research can be
interpreted in various ways regarding the implications of inter-transaction time. According to the hypothesis of Admati and Pfleiderer (1988), informed investors time their
trades and submit orders when markets are highly liquid. This behavior results in higher
trading intensity (i.e., shorter inter-transaction time), implying a higher proportion of
informed traders and more informative trades. On the other hand, a high concentration
of informed investors may also crowd out liquidity traders. If this crowding effect is
significant, then the trading intensity becomes low due to the decreased liquidity, and
we observe a positive association between informed trading and inter-transaction time.
If traders strategically behave as described in Parlour (1998), Foucault (1999), and
Hoffmann (2014), then the situation becomes more complicated, and at least a priori, we
are not sure about the true information content of inter-transaction time. Consequently,
we cannot determine whether or not a higher trading intensity indicates the prevalence
of informed trading.
The following empirical studies have also suggested opposing opinions about the information content of inter-transaction time. One strand of research supports the view
that fast trading implies informed trading (Chen et al. 2008; Furfine 2007; Liu, Maheu
2012; Spierdijk 2004; Xu et al. 2006). This line of studies argues that the permanent
price impact of trades generally increases as the inter-transaction time decreases. These
studies assume that, when informed investors try to trade large amounts to increase
their profits, high trading intensity is closely related to the informed trading and thereby
incurs a larger permanent impact on asset prices. Another strand of research, including
Grammig et al. (2011) and Beltran-Lopez et al. (2012), finds a positive association
between inter-transaction time and information content. These studies insist that fast
trading is largely related to noisy trading, rather than informed trading. In addition,
considering that the information content of inter-transaction time depends on the interactions between informed investors and liquidity traders, as well as on market structure,
the role of inter-transaction time is still open to empirical debate. To uncover all the
related mechanisms, a variety of in-depth studies on global markets are needed.
Previous studies not only provide inconsistent views on the information content of intertransaction time, but also most of them depend on a simple VAR model developed by
Dufour and Engle (2000), which can result in biased results due to their trade-event
filtering. In contrast to previous studies, which employ the model of Dufour and Engle
and yield unidirectional results, we examine the issue using a more sophisticated structural model to effectively handle real-time transaction data. Further motivation for this
study is that most existing studies cover only the stock markets of developed nations.
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However, some constraints (e.g., short-sale constraints) in these stock markets impede
exact identification of the true information effect of inter-transaction time.
Motivated by these considerations, we re-examine the information content of intertransaction time in the KOSPI200 futures market, which is one of the most liquid futures
markets in the world1. Although some recent studies investigate this issue in emerging
stock markets (Chen et al. 2008; Liu, Maheu 2012), little is known about the derivatives markets. Further, there are no short-sale restrictions and no buy-sell asymmetries
in futures trades (Ryu 2013). These characteristics make it possible to investigate the
information role of inter-transaction time without the involvement of biases and errors.
This study creates a structural model by modifying the MRR model (Madhavan et al.
1997) to consider the elapsed time between two consecutive trades. We also extend the
model to incorporate the effect of trade size when estimating model parameters, considering that informed investors can freely choose their trade frequencies and trade sizes
in the futures market2. Thus, our extended model captures two dimensions of liquidity,
which are trade size and trade frequency.
The empirical results in this study support the hypothesis that fast trading is clearly
indicative of informed trading in the futures market. We find that the time between
trades has significant information value and is negatively related to the informed trading.
Controlling for trade size, the results of this analysis remain the same. Our regression
analysis suggests that inter-transaction time is more informative when the permanent
impact due to informed trading is smaller, liquidity is lower, and the futures market is
more volatile.

1. KOSPI200 futures
The KOSPI200 futures market is definitely one of the most liquid index futures markets.
Further, the market exhibits a unique investor participation rate in the dominance of
individual investors3. In addition to these characteristics that make our research more
valuable and interesting, the futures market provides an ideal setting to investigate the
information role of inter-transaction time for several reasons, as follows.
First, there is no buy-sell asymmetry, which often exists in stock markets because of the
short-sale constraints. Buy-sell asymmetry distorts the information contained in trades.
When there is positive information, informed traders eagerly buy stocks, and as a result,
the trading intensity increases. On the other hand, due to the short-sale constraints, investors who possess negative information often confront a restriction on selling stocks
1

Due to the rapid growth of the KOSPI200 options market and synergistic effects (Ahn et al. 2008;
Guo et al. 2013; Han et al. 2012; Kim, Ryu 2015b; Lee, Ryu 2014; Ryu et al. 2015), the futures
market also becomes the top-tier index derivatives market in the world.
2 Instead of submitting large orders, informed investors often fragment their trades to camouflage identification of their trades and their trading intentions. This trading strategy is called “stealth-trading”.
3 See Han et al. (forthcoming), Kim et al. (forthcoming), Kim and Ryu (2015a), and Lee et al. (2015),
among others.
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if they do not own the stocks. Under this condition, long inter-transaction time indicates
two possibilities – either lack of information or the existence of negative information –
which are difficult to distinguish from one another in stock markets (Diamond, Verrecchia 1987). In contrast to this equity trading, all futures traders can freely submit orders
in both directions at any time. That is, the futures traders can make sell trades regardless
of whether or not they have a long futures position. As a result, we can directly interpret
the information contents of trade-related variables in the index futures market. Second,
the definition of information superiority in the KOSPI200 futures market is different
from the definition of information superiority in equity markets. In equity markets, informed investors make transaction decisions based on private information, which puts
the investors in superior positions for relatively long stretches of time. In contrast, in
the index futures market, investors achieve information advantages by processing public
and market-wide information faster than other traders, and by acquiring trading skills
and knowledge. Such advantages can disappear quickly if the investors do not immediately exploit the information. Thus timing is a very important factor in the futures
market, and it follows that inter-transaction time holds meaningful information. Third,
the level of market frictions, which might impede the detection of the information effect
of trades, is quite low in the KOSPI200 futures market.
A long-standing argument exists among market practitioners and academics about the
role of KOSPI200 futures trading, because many continue to believe that the market is still dominated by noisy and uninformed trading. If this noisy trading is indeed
prevalent, then fast trading might be merely the result of noisy and/or impatient trading,
leading to the conclusion that higher trading intensity is not, in fact, informative. To
investigate this debated issue, in-depth study is urgently required in the futures market.

2. Models
The basic objective of the MRR model is to deconstruct the effects of an incoming trade
on the asset price process into two parts: the permanent price impact component related
to informed trading, and the temporary price effect component related to uninformed
and/or liquidity trading. The MRR framework has some distinct advantages. First, if buy
and sell trades are accurately classified, then the MRR model provides reliable estimation results. Second, because it does not assume there to be inventory holding costs, the
model can be applied to order-driven markets in which concepts related to the dealers
and the inventory holding costs are difficult to define.
Despite these advantages, the original MRR model has a critical weakness. The model
assumes that the time between trades is exogenously determined, and that the size of
each trade is exactly the same. In reality, however, the inter-transaction time and trade
size are not irrelevant to market behavior and to the information contents embedded in
the trades. Therefore, we propose new structural models by extending the MRR model
to incorporate the effects of inter-transaction time and trade size.
Because the structural model directly measures asset price changes and separately considers the effects of exogenous shocks, our extended models can effectively capture the
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information content of inter-transaction time without regard to such confounding effects
as might be caused by the model of Dufour and Engle (2000). Under the advantageous
MRR framework, we propose a structural model that incorporates inter-transaction time
(the time-dependent MRR (T-MRR) model), as does a model by Grammig et al. (2011).
Equation (1) describes the changes in the fundamental asset value, based on the unexpected portion of incoming trades and market innovation:
Δμt ≡ μt – μt-1 = (α0 + α1ln(Tt))(xt – E[xt|xt-1]) + εt.

(1)

Here, xt is the trade indicator variable, which takes a value of 1 (–1) if the initiating
trade at time t is a buy (sell) trade. μt is the fundamental asset value and Tt is the time
between two consecutive trades at time t–1 and time t. The error term εt describes innovation of public beliefs. α0+α1ln(Tt) represents the size of the permanent price impact
incurred by the trade at time t (i.e., the tth trade). For this permanent price impact of
the tth trade, α0 is the portion that is independent of inter-transaction time, and α1ln(Tt)
is the portion that is directly dependent on the inter-transaction time. The parameter α1
captures the information content of inter-transaction time. The value of the conditional
expectation E[xt|xt–1] is equal to ρxt-1, where ρ is the serial correlation of the trade
indicator variable.
Equation (2) explains that the transaction price, Pt, is determined by the post-trade
fundamental asset value, the temporary price effect component of the incoming trade,
and the residual:
Pt = μt + (β0 + β1ln(Tt))xt + ξt.
(2)
Here, β0 + β1ln(Tt) represents the size of the temporary price effect component of the
trade at time t, which is independent from the change in the fundamental value. If a
trade is not made by an informed trader, or if the information quality of the trade is low,
then the changed level of the asset price incurred by the trade will not be permanent.
The price will soon return to the fundamental asset value. For this temporary price effect of the tth trade, β0 is the portion that is independent of the inter-transaction time,
and β1ln(Tt) is the portion that depends on the inter-transaction time. β1 captures the
effect of the inter-transaction time on the temporary portion. The residual ξt measures
the effect of rounding errors.
Equations (1) and (2) yield Equation (3), which is used to set up the GMM estimation
equations in Equation (4)4:
ΔPt≡Pt – Pt-1 = (α0 + β0)xt – (ρα0 + β0)xt-1+ (α1 + β1)xtln(Tt) –
               β1xt–1ln(Tt–1) – ρα1xt–1ln(Tt) + υt, where υt = εt + ξt – ξt–1.

4

(3)

υ0 is a constant drift term.
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Although the central concern of this study is inter-transaction time, we know that market liquidity is generally described as not only trading frequency, which is the number
of trades within a fixed time or the average inter-transaction time between consecutive
trades, and also trading volume, which is the size of each trade. An investor has two
options when trading a large amount. The first option is to make a single or a few large
trades, and the second is to make a series of numerous small trades by fragmenting the
trades. Accordingly, in order to examine the issues related to inter-transaction time, we
have to control the trade size, another dimension of liquidity. The following equations
explain how the effects of trade size are incorporated into the MRR framework:
μt = μt-1 + (α0 + α1ln(Tt) + α2√St)(xt – E[xt|xt-1]) + εt.

(5)

In Equation (5), St is the size of the tth trade. α0 + α1ln(Tt) + α2√St represents the size
of the permanent price impact caused by the trade at time t. For the permanent price
impact of the tth trade, α0 is the portion that is independent of the inter-transaction time
and trade size, α1ln(Tt) is the portion that depends on the inter-transaction time, and
α2√St is the portion that depends on the size. That is, α1 and α2 capture the information
contents of inter-transaction time and of trade size, respectively.
Equation (6) also indicates that the temporary price effect is comprised of three parts,
including the time-independent and size-independent portion (β0), the time-dependent
portion (β1ln(Tt)), and the size-dependent portion (β2√St):
Pt = μt + (β0 + β1ln(Tt) + β2√St)xt + ξt.

(6)

By combining Equations (5) and (6), a more complicated estimation equation is derived
in Equation (7), as follows:
ΔPt = (α0 + β0)xt – (ρα0 + β0)xt–1 + (α1 + β1)xtln(Tt) – β1xt–1ln(Tt–1) –
ρα1xt–1ln(Tt) + (α2 + β2)xt√St – β2xt–1√St–1 – ρα2xt–1ln(Tt) + υt,
where υt = εt + ξt – ξt–1.

(7)

We call this further extended MRR model a time-dependent and size-dependent MRR
(TS-MRR) model. The GMM equations of the TS-MRR model are given in Equation (8):
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3. Estimation results of the T-MRR
This section provides the empirical findings related to the information content of intertransaction time. The sample data is real-time trade and quote data of KOSPI200 futures
from January 2003 to September 2006. The futures have maturity dates every three
months. To eliminate the possible effects of maturity biases on the model estimation,
we construct fifteen futures series, each covering a three-month period.
Table 1 shows the estimation results for the T-MRR model for each futures series. The
table reports the estimated model parameters (α0, α1, β0, β1) and their corresponding tstatistics (in parentheses), and presents the spread components (PI = α0 + α1 lnT , TE =
β0 + β1 lnT ) measured in percentage of futures prices5. The permanent price impact
component (PI) has an average value of 0.00125 points, corresponding to 0.00103% of
the futures transaction price6. The temporary price effect component (TE) has an average value of 0.01930 points, which is 0.01715% of the futures price. The average value
of γ (= PI/(PI + TE)) is 6.2%, which indicates that about 6.2% of the futures spread is
explained by informed trading in the futures market. The significance of the estimated
parameters α0, α1, β0, and β1 indicates that both time-related and time-independent
components are important in explaining the components of the futures spread and the intraday price formation. Of these parameters, we are most concerned with α1, whose sign
and magnitude have direct implications on the information content of inter-transaction
time. All α1 estimates are negative and highly significant. That is, the permanent price
impact component increases as the inter-transaction time gets shorter. This indicates that

5

The average value of the ρ estimates is 0.504. lnT denotes the average value of the inter-transaction
time in each futures series. The implied spared equals 2(PI + TE).
6 The basic quoting unit of the futures market is the “point.” One point corresponds to 500,000 Korean
Won.

703

D. Ryu. Information content of inter-transaction time: a structural approach

fast trading is not related to noisy trading, but rather to informed trading. This finding
supports the hypothesis that fast trading is indicative of informed trading in the futures
market.
We provide some plausible explanations by relating the characteristics of the KOSPI200
futures market and index futures trading to the results in Table 1. To maximize their
profit, informed investors in the futures market should trade quickly. Their situation is
somewhat different from that of informed traders in equity markets, who can maintain
long-term supremacy based on private or inside information. Since it takes a relatively
long time for markets to realize such information and for stock prices to fully reflect
the information, the private information-advantaged equity traders have no need to rush
their trades. In fact, if they do, their profits may decrease due to the adverse price movements that their hasty trades might incur, as well as due to excessive transaction costs. In
contrast, in the KOSPI200 futures market, the advantage of informed investors is based
on faster information processing of public and market-wide information. If the futures
traders do not trade before the market reacts to the widespread information, their opportunity will be gone. Therefore, futures traders implement fast trading to fully exploit
their information superiority. Further, the abundant liquidity reinforces this effect. It is
widely known that the average spread is close to the minimum tick size and the market
Table 1. Estimation results of the T-MRR
Series

α0

α1

β0

β1

Coef.×100

Coef.×100

Coef.×100

Coef.×100

PI

TE

%×100 %×100

γ
%

1

0.147 (98.6) –0.039 (48.6) 2.123 (811.0) 0.030 (48.6)

0.141

2.889

4.67

2

0.117 (86.0) –0.025 (32.3) 2.118 (840.9) 0.025 (40.8)

0.113

2.749

3.95

3

0.115 (69.1) –0.032 (36.6) 2.089 (623.4) 0.031 (46.3)

0.080

2.283

3.37

4

0.122 (78.0) –0.023 (26.9) 2.015 (637.8) 0.023 (34.0)

0.091

2.024

4.30

5

0.137 (69.5) –0.025 (25.0) 1.956 (496.5) 0.025 (33.2)

0.091

1.755

4.92

6

0.191 (106.9) –0.030 (30.3) 1.906 (650.8) 0.018 (22.4)

0.152

1.825

7.67

7

0.127 (86.2) –0.021 (24.4) 1.970 (655.7) 0.018 (26.2)

0.105

1.992

5.00

8

0.137 (84.9) –0.022 (24.0) 1.928 (616.5) 0.022 (31.2)

0.103

1.762

5.55

9

0.140 (71.3) –0.025 (23.7) 1.857 (467.5) 0.023 (30.6)

0.092

1.524

5.70

10

0.156 (81.2) –0.033 (33.8) 1.871 (463.5) 0.024 (32.1)

0.099

1.531

6.08

11

0.171 (91.4) –0.033 (32.0) 1.758 (486.4) 0.026 (34.1)

0.095

1.238

7.14

12

0.200 (109.8) –0.030 (29.2) 1.716 (492.3) 0.025 (29.2)

0.105

1.082

8.86

13

0.213 (128.6) –0.029 (29.4) 1.713 (549.5) 0.030 (37.9)

0.106

1.000

9.57

14

0.202 (127.1) –0.033 (35.3) 1.757 (587.8) 0.034 (43.3)

0.097

1.025

8.64

15

0.184 (121.0) –0.043 (50.5) 1.744 (503.7) 0.045 (58.6)

0.082

1.047

7.24

Average 0.157 (94.0) –0.030 (32.1) 1.901 (592.2) 0.027 (36.6)

0.103

1.715

6.18
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depth is generally deep in the futures market. Informed investors can implement fast
and extensive trading, enjoying abundant liquidity and relatively low transaction costs.
Our findings contrast with the theoretical prediction of Parlour (1998), who models
investor behavior in order-driven markets and proposes the crowding-out effect. She
insists that fast trading is dominated by impatient traders, and that limit orders are
crowded out by the market orders of impatient and uninformed investors. More specifically, she argues that when a market has narrower spreads and becomes deeper (i.e.,
during a period of relatively more ample liquidity) compared to other periods, the benefits of limit orders decrease, and market orders come to dominate because impatient
and liquidity traders abuse the aggressive orders. Even though this results in fast trading
and high trading intensity, the trades in these types of periods contain little information
content. However, the situation is somewhat different in the KOSPI200 futures market.
Unlike stock markets, the futures market is basically liquid and characterized by tiny
spreads and great market depth. In other words, in the futures market there might be
no specific period that is more greatly conducive to impatient traders (i.e., every trading period can offer the abundant liquidity). Accordingly, rather than observing the
crowding-out effect in specific time periods, we observe that fast trading by informed
investors dominates in the futures market due to the unsustainable information superiority of futures traders who must act rapidly on time-sensitive information advantages in
order to optimize profits.
Table 1 also reports that all estimates of β1, which measures the time dependency in
the temporary price effect component, are significantly positive. This is quite plausible
because a long inter-transaction time corresponds to a decrease in liquidity. In less
liquid market conditions, transaction costs increase, and thus the temporary price effect
component and the futures spread should increase as well.

4. Estimation results of the TS-MRR
Table 2 presents the estimation results of the TS-MRR model for each futures series.
The table reports the estimated model parameters (α0, α1, α2, β0, β1, β2) and their corresponding t-statistics (in parentheses), and presents the spread components (PI = α0 +
α1 lnT + α2 S , TE = β0 + β1 lnT + β2 S ) and γ (=PI/(PI + TE))7. All estimates of
α1, the parameter that describes how the inter-transaction time affects the permanent
price impact component, are highly significant and negative in the TS-MRR model. This
indicates that the positive association between fast trading and informed trading still
holds after controlling for the trade size. The positive values of the α2 estimates mean
that large trades have higher permanent impacts on futures prices than smaller trades
do. This confirms that the positive association between the informativeness of trades and
their sizes, which is documented in previous studies on the KOSPI200 index derivatives
markets (Ahn et al. 2010; Ryu 2013), holds, even after controlling the trade frequency.
7

S denotes the average trade size in each futures series.
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–0.023

–0.149

–0.174

–0.238 (115.2) –0.040

–0.169

–0.207 (101.9) –0.037

–0.200

–0.208

4

5

6

7

8

9

10

–0.043

–0.338 (161.9) –0.052

15

(96.5)

–0.361 (161.5) –0.049

14

Average –0.212

–0.343 (153.7) –0.050

13

(49.5)

(67.7)

(55.9)

(54.6)

(48.2)

(43.9)

–0.306 (127.0) –0.042

–0.341 (146.5) –0.046

11

(48.5)

(37.6)

(42.9)

(51.5)

(43.5)

(38.8)

(48.6)

(46.5)

(55.0)

(59.5)

–0.046

–0.038

–0.043

–0.036

–0.040

–0.043

12

(79.3)

(85.5)

(87.5)

(69.6)

(73.1)

(10.0)

–0.042

3

(33.8)

–0.059

–0.046

2

(41.4)

Coef.×100

–0.072

Coef.×100

α1

1

Series

α0

0.187

0.281

0.308

0.308

0.291

0.242

0.181

0.167

0.168

0.154

0.214

0.139

0.126

0.057

0.077

0.095

β0

2.314

(182.7) 2.200

(252.4) 2.137

(252.2) 2.150

(256.7) 2.076

(248.0) 2.043

(213.6) 2.041

(152.5) 2.135

(156.9) 2.126

(194.8) 2.224

(174.0) 2.254

(219.5) 2.266

(139.6) 2.254

(153.4) 2.284

(69.3)

(684.7)

(594.9)

(651.5)

(581.6)

(527.9)

(531.1)

(519.9)

(518.6)

(699.9)

(758.4)

(737.0)

(604.1)

(767.9)

(816.3)

(120.5) 2.363 (1038.7)

(923.2)

Coef.×100

(137.4) 2.339

Coef.×100

α2

0.039

0.056

0.048

0.048

0.046

0.038

0.037

0.038

0.036

0.027

0.026

0.034

0.035

0.039

0.035

0.040

(55.8)

(77.4)

(64.0)

(62.0)

(55.9)

(51.0)

(52.6)

(52.1)

(54.1)

(42.6)

(34.8)

(48.0)

(55.5)

(60.3)

(60.8)

(66.2)

Coef.×100

β1

Table 2. Estimation results of the TS-MRR

(75.1)

–0.130 (158.6)

–0.207 (221.4)

–0.213 (197.3)

–0.207 (187.5)

–0.192 (184.5)

–0.149 (174.9)

–0.113 (136.3)

–0.118 (142.7)

–0.127 (171.2)
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5. Regression analysis
The information content of inter-transaction time is possibly related to other microstructure variables such as the degree of informed trading, liquidity, trade size, volatility,
time-to-maturity, and intraday time periods. To investigate this further, we set up the
following regression equation:
Ii = γ0 + γ1ln( T )i + γ2PIi + γ3 S + γ4TTMi + γ5Volatilityi +
i
γ6Intrai + εi, where i = 1, 2,…, 5538.

(9)

To construct observations for the pooling regression, we estimate the T-MRR model and calculate the trading-related variables per one-hour trading intervals of each
trading day. The total number of observations is 5,538. I is an information measure,
which gauges the information content of inter-transaction time and is expressed as α0 +
α1 lnT T =10th percentile . The information measure is calculated based on the difference
T = 90th percentile

between the 10th and 90th percentiles of inter-transaction time in each interval. T is
the average inter-transaction time, PI (= α0 + α1ln( T )) is the average permanent price
impact component, S is the average trade size, TTM is the time-to-maturity, Volatility
is the realized volatility that is calculated using 5-minute log-returns, and Intra denotes
a dummy variable that indicates the intraday interval of each trading day.
Table 3 presents the results of the regression analysis8. All explanatory variable estimates, except the TTM, are statistically significant. Each estimated coefficient has an
economic implication depending on its sign, not its magnitude. The positive sign of
ln(T ) means that the inter-transaction time has greater information content as the trading frequency decreases (i.e., as trading slows down). The negative sign of S is consistent with this indication. In sum, if other microstructure factors are held constant,
such as the price impact due to informed trading, volatility, and intraday time period,
then increased trading intensity (i.e., faster and larger trades) lowers the information
content of the inter-transaction time. We can interpret this result in conjunction with
Table 3. Regression analysis
Coefficient

t-statistics

0.0031

30.19

ln( T )

8.70E-05

3.33

PI

–0.9631

–42.73

S
TTM

–0.0005

–16.01

–9.29E-07

–1.66

4.8283

14.52

–2.61E-05

–4.29

Constant

Volatility
Intra

8

The adjusted R2 is about 27%.
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our earlier finding that fast trading means informed trading, as follows. When informed
trading dominates the futures market and fast trading prevails, there remains little to be
additionally explained by inter-transaction time. Accordingly, the information role of
inter-transaction time is diminished. On the other hand, when informed trading is not
highly concentrated in the futures market, and consequently, relatively slower trading
prevails, then the information role of inter-transaction time becomes important. In this
case, inter-transaction time explains a substantial part of informed trading.
The negative sign of the PI is also consistent with the above explanation. A large average price impact per trade indicates a season with higher amounts of informed trading.
Therefore, the negative term indicates that, holding the trading activity and other microstructure factors constant, the information content of inter-transaction time becomes
smaller (larger) as the degree of informed trading increases (decreases). That is, the
high concentration of informed trading diminishes the role of inter-transaction time in
providing additional information.

Conclusions
This is the first microstructure study to examine the information role of inter-transaction
time in the intraday trading of KOSPI200 futures market. While most previous studies
examine this issue under the straightforward (but potentially biased) VAR framework,
this study employs more sophisticated structural microstructure models to effectively
analyze the real-time transaction data in the order-driven emerging derivatives market.
Our empirical results imply that the hypothesis “fast trading means informed trading” is
valid in the futures market, which is characterized by ample liquidity and relatively low
information asymmetry. We also find that the information content of inter-transaction
time becomes greater when informed trading is less acute, liquidity is lower, and returns
are more volatile in the futures market.
In addition to its academic contributions, this study provides implications for market
practitioners. For example, futures traders can get some clues from fast trading. During
periods of very fast trading, futures traders can postpone their trades to avoid transacting
with better-informed traders and suffering losses. Our findings may offer guidance to
policy makers who often regulate derivatives markets due to concerns about excessive
trading and the severe money losses of uninformed domestic individual investors. The
current regulation system relies on the price movements of derivatives assets, upon
which regulation authorities base their determinations of whether or not the market is
overheated. However, this study demonstrates that inter-transaction time should be taken
into account as another indicator.
There are some limitations of this study. Our structural model does not consider the
intraday market linkage between the KOSPI200 futures and options markets. The KOSPI200 options trading is closely related to the futures trading (Ryu, 2011), and until
recently, the options market was the single most liquid derivatives market in the world.
The analysis on the information role of inter-transaction time in the options market provides us additional economic implications. Future research can also exploit information
on investor types. Institutional investors are generally better informed than individual
708
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investors in the KOSPI200 futures market (Ryu, 2012b, 2015). Considering that the information contents of orders vary depending on who submitted the orders, the analysis
based on investor classifications expands our knowledge on the microstructure of the
KOSPI200 futures market.
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