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Abstract

With the introduction of many derivatives into the capital market, including stock
index futures, the trading strategies in financial markets have been gradually
enriched. However, there is still no theoretical model that can determine whether
these strategies are effective, what the risks are, and how costly the strategies are.
We built an agent-based cross-market platform that includes five stocks and one
stock index future, and constructed an evaluation system for stock index futures
trading strategies. The evaluation system includes four dimensions: effectiveness, risk,
occupation of capital, and impact cost. The results show that the informed strategy
performs well in all aspects. The risk of the technical strategy is relatively higher than
that of the other strategies. Moreover, occupation of capital and impact cost are
both higher for the arbitrage strategy. Finally, the wealth of noise traders is almost
lost.

Keywords:Trading strategy, Stock index futures, Agent-based model, Cost-benefit
analysis

Introduction
China Shanghai–Shenzhen 300 Stock Index Futures (CSI 300 Stock Index Futures)

contracts began trading in April 2010. The trading strategies in financial markets have
been gradually enriched with the introduction of stock index futures. In the capital

market, trading strategies can be generally divided into informed, technical, and noise
strategies. In addition, stock index futures have unique trading strategies, such as hedg-

ing and arbitrage. For investors, different trading strategies produce different benefits

and costs. At the same time, the behavior of investors also affects the market index
and overall market operation, which in turn influence the benefits, costs, and risks as-

sociated with trading strategies. Therefore, analyzing the different trading strategies in
the stock index futures market is of great significance.

Following Xu et al. (2014), we built an agent-based cross-market model that includes
five stocks and one stock index future. Based on this artificial stock market, we con-

structed a four-dimensional evaluation system for trading strategies in the stock index

futures market. Then, we simulated a series of experiments to analyze the costs, bene-
fits, and risks of different trading strategies. The experimental results show that the
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informed trading strategy performs well in terms of effectiveness, risk, the occupation
of capital, and impact cost, indicating that the analysis of market information is very

important. The noise trading strategy suffers heavy losses. The technical trading strat-
egy performs well in the areas of effectiveness, the occupation of capital, and impact

cost but has a relatively larger risk. Although the returns and risks of arbitrage trading

are reasonable, this strategy requires a lot of money. Further, because of the larger cap-
ital occupation and impact costs, investors using this strategy must focus on market

changes.
This article comprehensively evaluates stock index futures trading strategies, provides

suggestions for investor trading behaviors, provides a theoretical foundation for the de-
velopment and innovation of stock index futures markets, and provides experimental

evidence for the stability and development of the stock index futures market. The rest

of the article is organized as follows.Literature reviewsection introduces the related lit-
erature.Agent-based cross-market modelsection describes the model whileExperiment

design and results analysissection presents the experiments design and analyzes the re-
sults.Conclusion and discussionsection provides the conclusion and discussion.

Literature review
As financial derivatives, stock index futures have many functions, such as hedging,

asset allocation, and price discovery. Stock index futures, which have unique advantages

and can be traded in many ways, play an important role in the capital market. There-
fore, since its launch in the US in 1982, the stock index futures market has attracted

widespread attention from researchers (Chang et al.1999; Sarkar and Tripathy2002;
Antoniou et al. 2005; Bohl et al.2011; Hua and Liu2010; Yang and Wan2011; Tong

2011; Wei et al.2014).

Different from the stock market, stock index futures products are very instrumental;
thus, trading strategies for stock index futures began to attract scholarly attention.

Using a series of time series models, Brooks et al. (Brooks et al.2001) examined the
lead-lag relationship between the FTSE 100 index and index futures prices; they found

that lagged changes in the futures price could help predict changes in the spot price.

Laws and Thompson (2005) studied the efficiency of hedging stock portfolios using
futures stocks during the period January 1995 to December 2001. They found that the

exponential weighted moving average (EWMA) method of estimation provided the best
estimate of the optimal hedge and that the FTSE 250 was the best hedging tool for

these portfolios. In an empirical study, Lee and Tsang (2011) found that, in general,

simultaneous hedging with both American depositary receipts (ADRs) and index fu-
tures would bring benefits, thus enhancing the performance of hedging transactions.

In terms of research methods, studies of stock index futures mainly use quantitative
methods. There are some gaps between the results obtained using quantitative methods

and the real market. As a new method that can sufficiently reflect the real market, the
agent-based model is used in this study. The agent-based model views the financial

market as a complex adaptive system that contains a plurality of heterogeneous agents.

Based on bottom-up microscopic modeling methods and advanced computer simula-
tion technologies, an agent-based model can deeply reveal the general laws of the finan-

cial market—an area that has garnered considerable research attention (Battiston et al.
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2016; Chen and Venkatachalam2017; Lussange et al.2018; Iori and Porter 2018; Cui
et al.2020; Zhao et al.2020).

Using the agent-based approach, Schmitt and Westerhoff (2014) were the first to
propose a cross-market financial agent-based model. Jacob Leal et al. (2016), mean-

while, were the first to propose a high-frequency financial agent-based model. Chen

and Liao (2005) examined possible explanations for the presence of a causal relation-
ship between stock returns and trading volume. Kobayashi and Hashimoto (2007) con-

sidered the influence of circuit breakers on the stock market using an agent-based
artificial market simulator called“U-Mart ”. They found that circuit breakers play an

important role in the control of price fluctuations and the stabilization of the settle-
ment system. On the basis of imitation between agent and market sentiment signals on

an experimental computing platform, Chen et al. (2010) concluded that stock price

bubbles or crashes are caused by synergy herding behavior; they found a strong correl-
ation between herd behavior and earnings volatility. Using an agent-based model, Li

et al. (2012) focused on the effects on market liquidity of different tick-size levels; they
found that decreasing the tick size could significantly improve market liquidity. Wu

et al. (2013) constructed a double-auction continuous artificial stock market platform

to investigate effects of short selling. Using an agent-based cross-market model, Xiong
et al. (2017) examined the effect on the quality of the stock index futures market when

a T + 1 trading system in the spot market turned into a T + 0 trading system. Arthur
et al. (1996), meanwhile, used agent-based modeling to study the capital market and

constructed an artificial stock market (ASM). Finally, the bookHandbook of Computa-

tional Economics II by Tesfatsion (2006) signaled the maturation of the agent-based
model.

From the above, we can see that research on stock index futures and trading strat-
egies is very common and that agent-based methods are relatively mature. However, in

light of the difficulty of evaluating trading strategies, no previous studies have used
agent-based methods to establish an evaluation system for common trading strategies

in the stock index futures market.

Agent-based cross-market model
This study is based on the artificial agent-based cross-market model designed by Xu et al

(2014) The main characteristics of this model are consistent with the main features of the

Chinese stock market and the CSI 300 stock index futures market. The present model
contains a stock market that includes five stocks. A stock index was formed on the basis

of the stock market, and an index futures market was formed. There are three types of in-
vestors in the stock market and in the stock index futures market: informed traders, tech-

nology traders, and noise traders. The model also includes a cross-market arbitrage trader
who trades in both the stock market and the stock index futures market. In this model,

the investor’s investment demands are endogenously determined and are constrained by

investor wealth, investor risk management level, and trading mechanism.

Assets

In the artificial market model built in this study, there are five stocks and one stock
index future. The evolution of the stock’s public value is as follows:
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v�i;tþ1 ¼ ð1þ ϕi þ σ i;εεtþ1Þv�i;t ð1Þ

We assumeϕi = 0, εt � N(0, 1).σi, ε > 0 represents the standard deviation in this diffu-

sion process.
The model contains five stocks as basic assets. These five stocks represent five differ-

ent industries and therefore have different initial prices, different capital, and different

volatility. The initial prices of the five stocks are 10, 20, 30, 40, and 50. The correspond-
ing share capitals (in 100 million) are 50, 40, 60, 30, and 50, respectively. The corre-

sponding standard deviations of disturbance are 0.0007, 0.0007, 0.0003, 0.0003, and
0.0005, respectively.

Based on the five stocks in the market, the base point is 3000 points. Accordingly, we
obtained a capitalization-weighted index as follows1:

Ii ¼ Mt

M0
� 3000¼

P
pi;tSi
M0

� 3000 ð2Þ

whereMt is the sum of current stock pricepi, t multiplied by share capitalSi, andM0 is

the base market value.

Design of the market

We designed a trading system that is consistent with the Chinese market scenario. The

specific trading mechanism in the model is designed as follows:

(1) Both the stock index futures market and the stock market adopt a continuous
double-auction trading mechanism, consistent with the real mechanism in the

Chinese stock market. Limit orders have a life cycle, and unexecuted limit orders
are cleared at the end of the day.

(2) To ensure consistency in the trading mechanism between the stock index futures

market and the stock market, both adopt the T + 0 trading mechanism.2

(3) Each simulation periodt in the model represents five seconds in the real market.

(4) The stock market is not allowed to sell short while the futures market is allowed to
do so.

(5) The stock index futures market adopts the method of margin trading. After the

daily closing, the balance of the margin account is liquidated. If the investor’s
assets are lower than the minimum margin requirement, they will be forcibly

closed.
(6) The trading price of the market is the average price of multiple transactions at

time t. If there are no transactions within timet, then the price continues the

market price at timet � 1.
(7) The tick size in the stock market and stock index futures markets is set to 0.01

yuan.
(8) There is no transaction cost in the stock market and the stock index futures

market.

1We revised the stock index calculation method used in Xu et al. (2014).
2For research on the impact of inconsistent trading mechanisms on the spot-futures cross-market, see Ref.
(Xiong et al.2017).
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(9) If the total wealth of the investor is lower than a certain amount, the investor is
bankrupt, and another investor of the same type will reenter the market.

Investor structure and investor behavior

The model includes seven types of investors. The stock market has three types of inves-
tors: informed investors, technical investors, and noise investors. The stock index fu-

tures market includes three types of investors: informed investors, technical investors,
and noise investors. Arbitrage investors, meanwhile, trade simultaneously in both the

stock index futures market and the stock market. When investors enter the market,

they randomly select an asset. During the subsequent transaction, they will only trade
the selected asset and will not trade other assets.3

Owing to the lack of short-selling tools in the Chinese stock market, arbitrage inves-
tors in this model only allow positive arbitrage. Positive arbitrage can only sell stock

index futures and buy stocks in the arbitrage-free zone; reverse operations are not
allowed.

Trader expectation of asset price

Here, we discuss the process of price forecasting by informed investors, technical inves-
tors, and noise investors.

(1) An informed trader in the stock market accurately understands the public value of
the stock; the price forecast for the stock is as follows:

p̂itþτ stock ¼ vtþτ ð3Þ

Informed traders in the stock index futures market cannot directly know the public

value of stock index futures; however, they can calculate the theoretical value of the

stock index futures as follows4:

p̂itþτ futures ¼ Î tþτð1þ rÞT Š dþ1 ¼
P

vi;tþτSi
M0

� 3000� ð1þ rÞT Š dþ1 ð4Þ

whereIt is the index at timet, T means maturity, andd is the number of days the stock

index future has been listed.r is the daily risk-free rate, set to 4%/360 in this study.

(2) Technical traders cannot know the future public valuevt + � ; however, they know
the current public valuevt. They obtain their expected prices by mixing three

sources: current public valuevt, the average transaction price of the last� -period

pτ, and the current mid-point of the bid and ask pricespm. The variablesai, bi, and

ci, which represent the weights, are randomly chosen from [0,1]. The forecast price

of the technical investor for the asset is as follows:

3Therefore, the model in this study is essentially a single-asset model that does not consider the asset alloca-
tion of investors for multiple assets.
4We revised the price forecasting method used in Xu et al. (2014).
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p̂itþτ ¼
ðaivt þ bi�pτ þ cipmÞ

ai þ bi þ ci
ð5Þ

(3) According to the actual situation of the order book, the noise trader chooses from

within the five price levels;randit is a random function whose output follows a uniform

distribution from [0,1], and the forecastprice of the noise trader is as follows:

p̂itþτ ¼ bid5 þ randit � ðask5 Šbid5Þ ð6Þ

Order submission rules

The investor’s order type was determined according to the actual situation of the order
book and was compared with the first-order buying (or selling) price. If the transaction

can be completed in real time, the order is considered a market order; otherwise, it is
considered a limit order. Regarding arbitrage investors, they pursue real-time trading

and therefore only submit market orders.

In this model, the investor’s optimal position depends on utility function. Following
Chiarella et al. (2009), investors make decisions by maximizing the constant absolute

risk-aversion (CARA) utility function. Investors’ optimal positions are as follows:

πiðpÞ ¼ ln p̂itþτ=p
� �

αiV i
tp

ð7Þ

where αi is the absolute risk-averse coefficient,V i
t is the variance of the expected re-

turn, p̂itþτ is the forecast price at periodt + τi, andp is the order submission price. If de-

mand quantity πi(p) is larger than the investor’s current position, the investor decides
to buy. If demand quantityπi(p) is smaller than the investor’s current position, the in-

vestor decides to sell.V i
t is estimated as follows:

V i
t ¼

Xτ

j¼1

rt Š j Š�rit
� � 2

τi
ð8Þ

�rit ¼

Xτ

j¼1

rt Š j

τi
¼

Xτ

j¼1

ln pt Š j=pt Š j Š 1

� �

τi
ð9Þ

Experiment design and results analysis
This study mainly evaluates trading strategies for stock index futures based on cost-

benefit analysis. High-frequency data were obtained through simulation experiments by
modeling the stock market and the stock index futures market. This study attempts to

establish an evaluation framework for trading strategies—including wealth growth rate,
volatility of wealth growth rate, capital occupancy, and impact cost—to explore the ef-

fectiveness, risks, and costs of these trading strategies.
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Experimental parameter settings

Since China’s stock index futures market adopts a daily mark-to-market system, we used
the day for the frequency of data analysis, except for the time series chart (Figs.1, 2, 3 and

4) showing high-frequency data. Each experiment was run for 21 days, and the data after
the strategy warm-up were used for the analysis.5 Each group of experiments in the study

was carried out 30 times to ensure that the experimental results were statistically signifi-

cant. At the same time, the important experimental results were analyzed using ANOVA.
To ensure there were enough arbitrage opportunities in the market, we set the num-

ber of arbitrage investors to be smaller than that of other types of investors. At the
same time, since arbitrageurs need to trade in both markets, we set arbitrageurs to have

more initial wealth. The stock index futures contract multiplier was set to 300, and the

margin ratio was set to 12%. Table1 shows the detailed parameters.

Results analysis

High-frequency data (5 s) for four types investors in the stock index futures market are

obtained. The figures below display the investors’ average wealth and wealth growth
rate.

Fig. 1 Average wealth and wealth growth rate of informed traders

5Since the investor strategy contains technical strategies, the technical strategy needs to review the historical
price series; hence, data are needed for the strategy warm-up. Regarding the length of the warm-up, different
market models and different strategies require different lengths of time, which is generally determined by ob-
serving the price series trend in the experiment. In this study, after five days (2882*5 periods) of simulation,
the stock price series performance is stable; thus, the warm-up time is set to five days.
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