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This essay focuses on the investor structure of the stock index futures market and uses agent-based computational finance method
to discuss how the volume-synchronized probability of informed trading (VPIN) affects market absolute yield, information
dissemination efficiency, and liquidity with different ratios of informed traders in the market. The result shows that the higher
the proportion of informed traders is, the more the volatility of the market is. Furthermore, the result indicates that when the
proportion of informed traders in the stock index futures market accounts for 1/3-1/2, the transparency and liquidity of the market
will be better.

1. Introduction

Looking back, thereweremany risky activities led by financial
innovation, such as the big crash caused by the use of
portfolio insurance strategies in America, in 1987, and the
flash crash ofDow triggered by the e-mini futures contracts in
2010. In 2010, the CSI 300 index futures were traded officially
in China, which completely changed the structure of China’s
capital market. The financial derivatives can play a hedge
effectiveness and expand investment channels, but the risks
they bring should not be ignored. How to realize liquidity
riskmanagement from the perspective of investors’ structure?
How investor structure influences the yield? What is the
relationship between information dissemination efficiency
and investor structure? To solve the mystery, regulators and
academics have donemuch research in this field and achieved
a lot.

In the commodity economy, information is mainly reflec-
ted on the price; price information is the core of economic
information. The nature of market economy is using price as
a signal to allocate social resources. Distribution and redis-
tribution of social resources are actually the processes during
which people play games on the price.The preemption of any

kind of resourcesmakes related profit in the game, so does the
information. In order to study the price discovery, hedging,
and other issues of the stock market, traditional finance
researches tend to assume that traders in the market have a
common set of assumptions information. However, in reality,
information on the financial markets can not be completely
balanced, causing the interest imbalance between both sides,
which imposes adverse effect on the social principle of justice
and fairness, reducing the resource allocation efficiency in the
market.

The key to solve the problem of asymmetric informa-
tion problem is how to measure the degree of information
asymmetry. Aiming at this, many scholars have generally
studied the information contained in the orders for a long
time. However, in recent years, the traditional methods for
measurement have too many difficulties to cope with the
problem. In a framework where trades take place in millisec-
onds, Easley et al. (2011) [1] introduced another conception.
In this paper we apply this new technique to our study.
In addition, the financial system is essentially a complex
system in essence (Holland, 1997 [2]), and it is nonlinear and
adaptive, which makes most theoretical models ineffective
even after releasing the assumption. Fortunately, agent-based
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computational finance provides us with new train of thoughts
and tactics to study the complex adaptive system.

Based on VPIN model submitted by Easley et al. (2011),
and with the help of agent-based computational finance
which has real market characteristics, we study the effect of
how informed traders proportion imposes on market abso-
lute yields, information dissemination efficiency, and liquid-
ity by setting different investor structure. As for the method,
this essay uses TBS-ASIFM model, which can reproduce
extreme situation of information transaction at any time by
setting parameters and help market regulators prevent risk
events in advance.

This essay can provide trading strategy guidance for
investors on stock index futures market and offer valuable
political suggestions to the market regulators to prevent liq-
uidity risk events. To be specific, the three main topics of this
essay are as follows: how informed traders’ proportion affects
the market; the proportion within which scope is reasonable
for the whole market’s transparency and liquidity; how to
manage liquidity risk from the point of investor structure.

This essay includes six sections: the second part is the lit-
erature review,which systematically reviews relevant research
literature at home and abroad according to themain ideas; the
third part introduces the EKOP model and the VPIN model;
the forth part gives a more systematical description of TBS-
ASIFMartificial financialmarketmodel used later, introduces
the setting of themodel’s parameters, and shows and analyses
the results of simulation experiments; the fifth part is the
conclusion; and the final part is the prospect of our study.

2. Literature Review

Earlier scholars mainly used indirect methods to calculate
the degree of information asymmetry on security markets.
Until 1996, Easley et al. (1996) [3] established EKOP model
to calculate the degree of information asymmetry directly
for the first time. Then Easley et al. (1997) [4] optimized the
EKOPmodel by consideringmore comprehensive indicators,
such as trading time, and built a better information trans-
action probability model. Researches on financial market
information transaction probability of Venter and de Jongh
(2004) [5], Lei and Wu (2005) [6] released the hypothesis
that the traders arrival rate is constant. Venter and de Jongh
(2004) assumed that traders’ order arrival rates on themarket
followed inverse Gaussian distribution, while Lei and Wu
(2005) allowed order arrival rates of uninformed traders with
the behavioral characteristics of the district system to convert
endogenously. In view of high frequency financial market,
Easley et al. (2011) probed a method to measure the market’s
information transaction probability based on trading volume.
This method divided trading volume into a few volume
buckets and applied new estimation methods to determine
the offer direction of each trade in each volume bucket.
Easley et al. (2012) [7] fully expounded the significance of
applying volume clock to high frequency trade, verifying the
applicability of the VPIN model indirectly.

The studies mentioned above are mostly theoretical stud-
ies, and their contents are limited to the design and extension
of models. In other words, they only state the characteristics
and possible application theoretically and do not conduct
empirical analysis on specific objects, such as stock, bonds,
and futures. Nyholm (2002 [8], 2003 [9]) studied market
information transaction probability through separated high
frequency data, and he used regime-switching model to
explain the probability of informed trades from the brokers’
point of view. Easley et al. (2010) [10] applied VPIN model
into “flash crash” in 2010 and studied the change ofVPINof E-
Mini S&P 500 stock index futuresmarket.The result indicates
that, during the week before “flash crash,” the submissions of
the market orders were extremely unbalanced, information
trades were very frequent, and the VPIN was also extremely
unstable. Especially several hours before the “flash crash,” the
VPIN of the market reached an anomaly peak. Therefore,
the buyers’ liquidity of the market was insufficient when
the “flash crash” began. Their study explained the “flash
crash” theoretically, with insufficient discussion on informed
traders’ proportion. In the field of high-frequency trading,
Huang et al. (2013) [11] took five-minute transaction data
of China’s CSI 300 index as the research object, established
HAR-CJ-M model, and applied this model to the study of
CSI 300 index volatility.The result shows that the volatility of
Chinese stock market can be influenced by the past volatil-
ity components, and these different volatility components
derived from behaviors of investors with different holding
term limits (short term,medium term, and long term) owned
by the behaviors of investors.

In recent years, agent-based computational finance,
which is based on complex adaptive system theory and com-
puter simulation modeling, has gradually risen and achieved
marked achievements, combining complex adaptive system
theory and behavioral finance theory and using object-
oriented modeling method to construct a kind of artificial
financial markets that have real market features (transac-
tion mechanism, institutional arrangement, agent behav-
ior patterns, and study mechanism). Using the method of
ACF, researchers can extend their studies on microstructure,
macroscopic properties, regular patterns, and other aspects of
financial market, like Levy et al. (2000) [12]. LeBaron (2006)
[13] pointed out that agent-based computational finance
provided a new and exciting tool to solve problems that could
not be solved by traditional models. Tesfatsion and Judd’s
(2006) “Agent-based computational finance” [14] indicated
that the research paradigm of agent-based computational
finance had taken initial shape.

In the aspect of empirical research, Lux and Marchesi
(1999) [15] described a multiagent model, which classified
investors into two types, namely, fundamentals and noise
traders. Mike and Farmar (2008) [16] developed an agent-
based model on the basis of the continuous double auction
mechanism in an order-driven market, to solve liquidity and
volatility problems. Gu and Zhou (2009) [17] proposed a
modified version of the Mike-Farmar model by including a
new ingredient, that is, long memory in the aggressiveness
of incoming orders. The finding shows the memory effect
of order aggressiveness has little impact on the diffusiveness
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of stock prices. Zhang et al. (2010) [18] used agent-based
computational finance to investigate the investment yield of
four kinds of investors (rational expectation strategy, BSV
strategy, noise trading strategy, and passive trading strat-
egy). The finding shows the combination of arbitrage limits,
noise trading, and risk aversion; rational investors cannot
“eliminate” BSV investors; all the evidence argued against
the Friedman’s hypothesis cannot be established. Based on
Italian researcher’s SUMWEB model, Xiong et al. (2011)
[19] studied the impact laid by the design of cross-market
risk from the view of market typical characteristics and
trading mechanisms and analyzed the formation mechanism
of cross-market risk. Zhang et al. (2011) [20] established
two artificial financial markets, MD-ASIFM (mechanism
design on artificial stock index future market) and TBS-
ASIFM (trader’s behavior and structure on artificial stock
index future market), and then used MD-ASIFM to analyze
the influence of tick size and optimal design of position
limits on market quality. They also proposed a suggestion of
optimal setting and usedTBS-ASIFM to address the influence
of investor’s structure of stock index future market and
programmed arbitrage strategy on market quality. It is worth
noting that the empirical analysis in this paper is on the basis
of the TBS-ASIFM.

3. EKOP Model and VPIN Model

3.1. EKOPModel. EKOPmodel was formulated based on the
sequential trade model by Easley et al. (1996). It determines
the probability of informed trading by calculating the pro-
portion of informed traders in all the certain risk asset
transactions. The settings of EKOP model in detail are as
follows.

Market Mechanism. EKOPmodel is defined in the dealership
market framework, and researchers assume that the market
makers are risk-neutral and competitive.Theprice of an asset,
which is calculated according to the expected price of all the
past transaction information, is offered to the investors by
the market makers sequentially and then promotes the trades
among them.

Trading Period. The trading process of EKOP model presents
a hybrid form of discrete and continuous time sequential
model. Trading days as the discrete parts are expressed by
𝑖 (𝑖 = 1, . . . 𝐼), and the time within a trading day as the con-
tinuous part is expressed by 𝑡 ∈ [0, 𝑇]. Information events
are independently distributed. At the end of each trading
day, the event will be fully reflected through the asset price.
Simultaneously, the hypothesis that each investor just trades
once during the course of the trading day and the transaction
should be accomplished timely cannot be ignored.

Investors. In this model, there are informed and uninformed
traders in the market. Informed traders can know in advance
the risk of asset price; they enter markets and purchase risk
assets when good news appears. When bad news occurs,
such traders enter the market and sell risk assets. When
there is no information incident happening in a trading day,

informed traders would prefer to choose to wait and see.
While for the uninformed traders who are completely unable
to get information in advance, they enter markets according
to other purposes (liquidity, psychological bias or hedge
risk, etc.). The arrival rates of informed and uninformed
traders, governed by independent Poisson processes, deter-
mine trades. The arrival rates also depend on the occurrence
of three types of information events, namely, no news, good
news, and bad news, which are chosen by nature every
day. In each trading day, arrivals of uninformed buyers and
uninformed sellers are determined by independent Poisson
processes. Uninformed buyers and sellers arrive at rate 𝜀. The
arrival rate of informed buyers and sellers is instead 𝜇.

Asset. Before the beginning of each trading day, the inci-
dence of information events is independently distributed and
expressed as𝛼.These events are divided into two types, that is,
good news with probability 1−𝛿 or bad news with probability
𝛿. After the end of trading on any day, the full information
value of the asset is obtained. With the occurrence of an
information event in day 𝑖, the value of the asset is either 𝑆

𝑖

with good news or 𝑆
𝑖
with bad news.

Informed Trading Probability. Define 𝑃(𝑡) = {𝑃
𝑛
(𝑡), 𝑃
𝑏
(𝑡),

𝑃
𝑔
(𝑡)} as the market maker’s prior belief about the events, no

news (𝑛), bad news (𝑏), and good news (𝑔) at time 𝑡. The
unconditional prior beliefs at time 0 are equal to the prob-
abilities with which nature chooses the information regime;
𝑃(0) = {1 − 𝛼, 𝛼 ∗ 𝛿, 𝛼 ∗ (1 − 𝛿)}. So at time 𝑡, the expected
value of the risky assets of the market makers is shown as

𝐸 (𝑆
𝑖
𝑡) = 𝑃

𝑛 (𝑡) ∗ 𝑆
∗

𝑡
+ 𝑃
𝑏 (𝑡) ∗ 𝑆𝑖 + 𝑃𝑔 (𝑡) ∗ 𝑆𝑖. (1)

At time 𝑡, the probability for the informed traders to sell
the asset is given by 𝜇 ∗ 𝑃

𝑏
(𝑡)/(𝜀 + 𝜇 ∗ 𝑃

𝑏
(𝑡)). Similarly, the

probability for the informed traders to buy the asset is given
by 𝜇 ∗ 𝑃

𝑔
(𝑡)/(𝜀 + 𝜇 ∗ 𝑃

𝑔
(𝑡)). The bid and ask are given by the

following relation:

𝐵 (𝑡) = 𝐸 (𝑆𝑖𝑡) −
𝜇 ∗ 𝑃
𝑏 (𝑡)

𝜀 + 𝜇 ∗ 𝑃
𝑏 (𝑡)

∗ [𝐸 (𝑆
𝑖
𝑡) − 𝑆
𝑖
] ,

𝐴 (𝑡) = 𝐸 (𝑆𝑖𝑡) +

𝜇 ∗ 𝑃
𝑔 (𝑡)

𝜀 + 𝜇 ∗ 𝑃
𝑔 (𝑡)

∗ [𝑆
𝑖
− 𝐸 (𝑆

𝑖
𝑡)] .

(2)

These equations demonstrate the impact laid by arrivals
of informed and uninformed traders on the market-makers
quotes. If there are no informed traders (𝜇 = 0), then trade
carries no information, and so the bid and ask are both equal
to the prior expected value of the asset. Alternatively, if there
are no uninformed traders (𝜀 = 0), then the bid and ask
are at the minimum and maximum prices, respectively. At
these prices, no informed traders will trade either, and the
market, in effect, shuts down. Generally, both informed and
uninformed traders will be in the market, and so the bid is
less than 𝐸(𝑆

𝑖
| 𝑡), and the ask is greater than 𝐸(𝑆

𝑖
| 𝑡).
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The bid-ask spread at time 𝑡 is denoted by

Σ (𝑡) =

𝜇 ∗ 𝑃
𝑔 (𝑡)

𝜀 + 𝜇 ∗ 𝑃
𝑔 (𝑡)

[𝑆
𝑖
− 𝐸 (𝑆

𝑖
| 𝑡)]

+
𝜇 ∗ 𝑃
𝑏 (𝑡)

𝜀 + 𝜇 ∗ 𝑃
𝑏 (𝑡)

[𝐸 (𝑆
𝑖
𝑡) − 𝑆
𝑖
] .

(3)

The spread for the initial quotes in the period has a par-
ticularly simple form in the natural case in which good and
bad events are equally likely. That is, if 𝛿 = 1 − 𝛿, then

Σ =
𝛼 ∗ 𝜇

𝛼 ∗ 𝜇 + 2𝜀
∗ (𝑆
𝑖
− 𝑆
𝑖
) . (4)

So the probability that the information-based opening
trade in a period is given by

PIN =
𝛼 ∗ 𝜇

𝛼 ∗ 𝜇 + 2𝜀
. (5)

Due to the indirectly observation such as the occurrence
of information events or the associated arrival of informed
and uninformed traders, it is difficult to estimate the param-
eter arise. However, knowing the daily arrivals of sell and buy
is possible, which offers an excellent approach to inferring
these values usingmaximum likelihood.Note that the trading
process follows a Poisson process. Consider

𝐿 =

𝑛

∏

𝑖=1

𝑃 [𝑦
𝑡
= (𝐵
𝑡
, 𝑆
𝑡
)]

=

𝑛

∏

𝑖=1

(𝛼 ∗ (1 − 𝛿) ∗ 𝑒
−(𝜇+2𝜀)

∗
(𝜇 + 𝜀)

𝐵
𝑡

∗ 𝜀
𝑆
𝑡

𝐵
𝑡
! ∗ 𝑆
𝑡
!

+𝛼 ∗ 𝛿 ∗ 𝑒
−(𝜇+2𝜀)

∗
(𝜇 + 𝜀)

𝑆
𝑡

∗ 𝜀
𝐵
𝑡

𝐵
𝑡
! ∗ 𝑆
𝑡
!

)

+ (1 − 𝛼) ∗ 𝑒
−2𝜀
∗
𝜀
(𝐵
𝑡
+𝑆
𝑡
)

𝐵
𝑡
! ∗ 𝑆
𝑡
!
.

(6)

3.2. VPIN Model. Easley et al. (2011) grouped sequential
trades into equal volume bucketsof an exogenously defined
size 𝑉. A volume bucket is a collection of trades with total
volume 𝑉. If the last trade is in need of a complete bucket
which is greater than the requirement in size, the excess size
is given to the next bucket. We let 𝜏 = 1, . . . , 𝑛 be the index of
equal volume buckets. If the deal is launched by the buyer, the
sum of volume launches by buyers is marked as𝑉𝐵

𝜏
ormarked

as 𝑉𝑆
𝜏
. There will be

1

𝑛

𝑛

∑

𝜏=1

(𝑉
𝐵

𝜏
+ 𝑉
𝑆

𝜏
) = 𝑉. (7)

From EKOP model and Easley et al. (2008) [21], we can
know the following:

𝐸 (𝑉)

= 𝛼 ∗ (1 − 𝛿) ∗ (𝜀 + 𝜇 + 𝜀)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

volume resulting from good news

+ 𝛼 ∗ 𝛿 ∗ (𝜇 + 𝜀 + 𝜀)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

volume resulting from bad news

+ (1 − 𝛼) ∗ (𝜀 + 𝜀)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

volume without news
= 𝛼 ∗ 𝜇 + 2𝜀,

𝐸 (𝑂𝐼) = 𝐵 − 𝑆

= 𝛼 ∗ 𝛿 ∗ (𝜀 − 𝜇 − 𝜀) + 𝛼 ∗ (1 − 𝛿) ∗ (𝜀 + 𝜇 − 𝜀)

+ (1 − 𝛼) ∗ (𝜀 − 𝜀)

= 𝛼 ∗ 𝜇 (1 − 2𝛿) .

𝐸 (|𝑂𝐼|) = |𝐵 − 𝑆|

= 𝛼 ∗ 𝛿 ∗ (
𝜀 − 𝜇 − 𝜀

) + 𝛼 ∗ (1 − 𝛿) ∗ (
𝜀 + 𝜇 − 𝜀

)

+ (1 − 𝛼) ∗ (|𝜀 − 𝜀|)

= 𝛼 ∗ 𝜇,

𝐸 [𝑂𝐼
𝜏
] = 𝐸 [


𝑉
𝑆

𝜏
− 𝑉
𝐵

𝜏


] ≈ 𝛼 ∗ 𝜇.

(8)

Generally speaking, information trading can be reflected
by the unbalance order. So

VPIN =
𝛼 ∗ 𝜇

𝛼 ∗ 𝜇 + 2𝜀
=
𝛼 ∗ 𝜇

𝑉
≈

∑
𝑛

𝑟=1


𝑉
𝑆

𝜏
− 𝑉
𝐵

𝜏



𝑛 ∗ 𝑉
. (9)

4. TBS-ASIFM Artificial Financial
Market and Empirical Analysis

4.1. The Introduction of TBS-ASIFM Artificial Financial Mar-
ket. TBS-ASIFM artificial financial market model includes a
stock market and a stock index market. We can merchandise
several stocks in the stock market but merchandise only
one stock index in the stock index market. The investors
in the two markets can be classified into three types. The
first is risky assets value informed investors, the second is
risky assets uninformed investors, and the third is liquid
investors. Some investors are operating in bothmarkets. TBS-
ASIFM includes multiple assets, markets, and investors. All
investors are fortune-restrained, limited by risk management
andmarket tradingmechanism. Simultaneously, the artificial
financial market should conform with the rules of the stock
market and the stock index market.

Market mechanism includes two parts: stock market and
stock index market; both of them are continuous double
auction trading mechanisms.The stock market chooses 𝑇+1
trading rules and the stock index market chooses the 𝑇 + 0
one.

Assets. There are 5 stocks and 1 stock index in the market.
The stock index is combined by 5 stocks. The settings of
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traders’ transactions and trading strategies can be learned
from Zhang et al. (2011).

The investors trading in the stock market can be divided
into three categories: informed traders, uninformed tech-
nical traders, and uninformed noise traders. Likewise, the
investors who trade in the futures market can also be clas-
sified based on this concept. However, for investors in the
futures market, apart from the three categories above, we also
have one special category, namely, arbitragers.The arbitragers
are the investors who trade in both the stock market and the
stock index futures market, making profits from the price
fluctuation between these twomarkets. Specifically speaking,
the arbitragers would open short positions in the index
futures market and buy the spot stock index simultaneously
when they notice that the futures price is higher than
the upper limit of the nonarbitrage price. Moreover, the
arbitragers would calculate their profits every single day.
Both the stock and futures position will be offset; that is, if
expected return is achieved, they will sell the stock index and
buy the futures contract or they will not offset the position
and wait until the futures contract expires. In our model, in
order to execute market order promptly, the arbitragers will
allocate their money properly between the stock market and
futures market according to their wealth (total asset), making
risk-free profits. The trading behavior and strategy for all
the investors can be referred from Zhang et al. (2011) and
Chiarella et al. (2009) [22].

4.2. Model Parameters Setting. There are 60522 subperiods in
every experiment period, which represent 21 days. Each day
has 2882 subperiods, and one subperiod stands for 5 seconds
in the real world.The risk-free interest rate is 4.26%, the same
number as the interbank collateral repo rate. The positions
for the stock and futures market should be closed out at the
end of trading day. The minimum trade requirement for the
stock market is one lot, namely, 100 shares, and short selling
in the stock market is prohibited. The tick size (minimum
price fluctuation) is 1 cent and 20 cents for the stock market
and futures market, respectively. Daily price fluctuation limit
for both markets is set up as 10%. The commission fee for
the stock market and futures market is 0.3% and 0.005%,
respectively.The impact cost during the arbitrage is supposed
to be 0.21% and 0.015% for the stock market and futures
market, respectively. The maximum allowed position for the
stock index futures market is 100 lots, and the margin ratio
could be as low as 12%. The multiplier for the stock index
futures is 300.

4.3. Simulation Experiment Results

4.3.1. Probability of Informed Trading and Market Absolute
Yield. Existing empirical studies show that, in the same
market investor’s structural framework, with VPIN gradually
increasing, the share of its subsequent market’s low absolute
yields reduces gradually, while the proportion of high abso-
lute yields increases. Method of agent-based computational
finance makes it possible to clarify the relationships between
VPIN and market absolute yields under different proportion

of informed traders. And the structure of investors in finan-
cialmarkets can be characterized by the proportion of various
investment strategies. Proportions of informed investors in
this study are designed as follows: 1/6, 1/3, 1/2, 2/3, and 5/6.
In order to be consistent with the reality, experiments do
not consider two extreme conditions; that is, there are no
informed traders existing in the market and the proportion
of informed traders reaches 100%.

Analysis of data statistics can be divided into twenty
groups; each group contains 5% observations. Take the first
column; for example, this row is sorted in ascending order
according to the informed trading probability. The first line
stands for the absolute yield, and then we divide data into
eight groups according to the absolute yields from the lowest
to the highest. Due to space constraints, we can not list all the
statistics. Therefore, we, respectively, select the information
investors’ proportion between 1/6 and 5/6 as representative
sample. Tables 1 and 2 show the results.

According to above-mentioned analytical results, for
the same investor structure, with VPIN which is gradually
increasing, the share of its subsequent market’s low absolute
yields gradually decreases, while the proportion of high
absolute yields increases. This is consistent with empirical
research findings based on the real market.Thus, for different
investor structure, with the increase of informed traders
in the market, the market absolute yields corresponding
to larger VPIN value show a tendency of increasing. This
suggests that when the market traders are usually informed
traders, risk events will impact the market to a greater extent,
because liquidity traders face increasing adverse selection
cost when dealing with informed traders.

4.3.2. Proportion of Informed Traders and Market Quality.
This section mainly studies the impacts from the proportion
of informed traders on market information dissemination
efficiency and market liquidity, and we choose market infor-
mation dissemination efficiency from Gil-Bazo et al. (2007)
[23] and Zhang et al. (2011) as the indicators. Market liquidity
is represented by the turnover rate of market limit orders (a
limit pay can be a market order when its price is higher than
the best selling price, and a limit sell order can be a market
order when its price is lower than optimal bid price. Statistical
results exclude those limit orders used as market orders); the
formula is as follows:

MAE = 1
𝑇

𝑇

∑

𝑡=1

𝑝𝑡 − ]
𝑡

 .
(10)

As can be seen from Table 3, when the proportion of
informed traders is between 1/3 and 1/2, market information
dissemination efficiency becomes better and the turnover rate
of limit orders also rises, while in many other cases, market
information dissemination efficiency and the turnover rate of
limit orders are showing a deteriorating trend. This indicates
that, when the proportion of informed traders is between 1/3
and 1/2, market transparency and market liquidity are better.
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Table 1: Absolute yields under VPIN conditions when the proportion of informed investors is 1/6.

0.0015 0.003 0.0045 0.006 0.0075 0.009 0.0105 >0.0105
0.00011 68.00% 24.00% 6.00% 0.00% 2.00% 0.00% 0.00% 0.00%
0.00488 40.00% 30.00% 18.00% 8.00% 4.00% 0.00% 0.00% 0.00%
0.10538 50.00% 28.00% 12.00% 4.00% 4.00% 2.00% 0.00% 0.00%
0.17095 46.00% 34.00% 10.00% 2.00% 8.00% 0.00% 0.00% 0.00%
0.29997 50.00% 24.00% 12.00% 2.00% 4.00% 2.00% 0.00% 6.00%
0.43789 50.00% 26.00% 4.00% 4.00% 10.00% 2.00% 0.00% 4.00%
0.5009 48.00% 16.00% 14.00% 6.00% 6.00% 0.00% 0.00% 10.00%
0.55039 42.00% 30.00% 12.00% 4.00% 4.00% 2.00% 0.00% 6.00%
0.58429 55.50% 20.67% 9.83% 5.33% 2.67% 1.17% 1.33% 3.50%
0.61272 55.82% 20.73% 9.64% 5.45% 2.55% 1.27% 1.27% 3.27%
0.64318 55.40% 20.80% 9.60% 5.20% 2.60% 1.40% 1.40% 3.60%
0.67021 56.67% 19.33% 9.78% 5.11% 2.89% 1.33% 1.33% 3.56%
0.69265 57.25% 19.25% 10.00% 5.00% 2.75% 1.00% 1.25% 3.50%
0.71589 56.57% 18.86% 11.14% 5.71% 2.29% 0.86% 1.43% 3.14%
0.73141 55.67% 19.33% 11.67% 5.67% 2.33% 0.67% 1.33% 3.33%
0.74439 54.80% 19.60% 11.20% 5.60% 2.40% 0.80% 1.60% 4.00%
0.75569 54.50% 19.00% 11.50% 6.50% 2.00% 1.00% 1.00% 4.50%
0.76385 51.33% 20.67% 11.33% 6.67% 2.67% 0.67% 0.67% 6.00%
0.77579 53.00% 24.00% 8.00% 8.00% 1.00% 1.00% 0.00% 5.00%
0.79111 48.00% 28.00% 10.00% 8.00% 0.00% 2.00% 0.00% 4.00%

Table 2: Absolute yields under VPIN conditions when the proportion of informed investors is 5/6.

0.0015 0.003 0.0045 0.006 0.0075 0.009 0.0105 >0.0105
0.0053 74.00% 18.00% 8.00% 0.00% 0.00% 0.00% 0.00% 0.00%
0.029766 74.00% 20.00% 6.00% 0.00% 0.00% 0.00% 0.00% 0.00%
0.049642 56.00% 28.00% 10.00% 4.00% 2.00% 0.00% 0.00% 0.00%
0.085005 64.00% 32.00% 2.00% 0.00% 2.00% 0.00% 0.00% 0.00%
0.142565 58.00% 12.00% 14.00% 10.00% 6.00% 0.00% 0.00% 0.00%
0.242377 44.00% 22.00% 16.00% 6.00% 8.00% 4.00% 0.00% 0.00%
0.304469 52.00% 24.00% 8.00% 10.00% 0.00% 2.00% 0.00% 4.00%
0.38123 40.00% 26.00% 12.00% 8.00% 4.00% 0.00% 2.00% 8.00%
0.516074 32.00% 22.33% 14.67% 11.67% 4.83% 4.83% 3.17% 6.50%
0.61289 30.55% 21.82% 15.45% 11.82% 5.09% 5.09% 3.09% 7.09%
0.645069 30.80% 21.60% 14.20% 12.40% 5.40% 5.40% 3.00% 7.20%
0.686656 30.67% 22.00% 14.67% 12.22% 5.33% 5.56% 3.33% 6.22%
0.703128 30.50% 21.50% 15.00% 12.25% 5.75% 5.75% 3.00% 6.25%
0.726787 30.57% 22.00% 15.43% 12.29% 4.86% 5.43% 3.14% 6.29%
0.751038 31.67% 20.00% 14.67% 12.33% 4.67% 6.33% 3.33% 7.00%
0.793769 30.80% 20.40% 15.20% 12.80% 4.80% 7.20% 2.40% 6.40%
0.819723 29.50% 21.00% 16.50% 13.50% 5.50% 6.00% 3.00% 5.00%
0.84226 30.00% 18.67% 17.33% 14.67% 5.33% 6.00% 3.33% 4.67%
0.854557 29.00% 16.00% 22.00% 14.00% 4.00% 7.00% 4.00% 4.00%
0.878799 24.00% 18.00% 30.00% 10.00% 6.00% 8.00% 2.00% 2.00%

5. Conclusion

In this paper, we adopt the TBS-ASIFMmodel established by
Zhang et al. (2011) to study probability of informed trading
of stock index futures market and its effect on subsequent
market absolute yields, respectively, and also give a detailed

description of the market information dissemination effi-
ciency and dynamic characteristics of liquidity under dif-
ferent traders structure. We find that, on one hand, as for
the same traders’ structure, with the probability of informed
trading increasing gradually, the share of the low absolute
yields in subsequent market gradually decreases, while the
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Table 3: Statistical results in each experimental group.

Experimental group Proportion of informed traders MAE Turnover rate of limit order
1 1/6 8.64 30.67%
2 1/3 6.06 20.45%
3 1/2 2.85 32.06%
4 2/3 12.95 12.94%
5 5/6 16.43 12.40%

proportion of high absolute yields gradually increases. As for
different traders’ structures, increase in informed traders on
the market facilitates the increasing tendency of the market
absolute yields. On the other hand, we also find that there
will be better transparency and liquidity of the market when
the proportion of informed traders accounts for between 1/3
and 1/2 by focusing on market information dissemination
efficiency and liquidity under different trader’s structures.

6. Research Prospects

In this paper, we apply VPINmodel and agent-based compu-
tational finance to analyze information transactions, but there
are still some issues to be further studied.

Firstly, VPIN model used in this paper is based on the
market-maker market; although this model is of univer-
sal applicability and transplantability, new methods based
on continuous auction market to estimate probability of
informed trading are still to be drilled down into.

Secondly, VPIN model can be a warning of market liq-
uidity risk; this paper only gives our own explanations on
the most superficial level and does not explore the concrete
impact mechanism.

Thirdly, we can further expand TBS-ASIFMmodel, invert
the “flash crash” event, and study the effectiveness of market
regulatory measures (e.g., transaction contracts of VPIN).
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