@ PLOS | oxe

CrossMark

click for updates

G OPEN ACCESS

Citation: Zhang X, Ping J, Zhu T, Li Y, Xiong X
(2016) Are Price Limits Effective? An Examination of
an Artificial Stock Market. PLoS ONE 11(8):
€0160406. doi:10.1371/journal.pone.0160406

Editor: Wei-Xing Zhou, East China University of
Science and Technology, CHINA

Received: March 22, 2016
Accepted: July 14, 2016
Published: August 11, 2016

Copyright: © 2016 Zhang et al. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are
credited.

Data Availability Statement: All relevant data are
within the paper and its Supporting Information files.

Funding: The work was supported by National
Nature Science Foundation of China (Grant No.
71320107003, 71071109, 71201113), website: https:/
isisn.nsfc.gov.cn/egrantindex/funcindex/prisearch-list.
The funders had no role in study design, data
collection and analysis, decision to publish, or
preparation of the manuscript. Bohai Securities Co.,
Ltd., provided support in the form of salaries for
author TZ, but did not have any additional role in the
study design, data collection and analysis, decision to
publish, or preparation of the manuscript. The specific

Are Price Limits Effective? An Examination of
an Artificial Stock Market

Xiaotao Zhang'2*, Jing Ping'®, Tao Zhu®, Yuelei Li'?*, Xiong Xiong'-

1 College of Management and Economics, Tianjin University, Tianjin, P.R. China, 2 Key Laboratory of
Computation and Analytics of Complex Management Systems (CACMS), Tianjin, P.R. China, 3 Research
Institute, Bohai Securities Co., Ltd, Tianjin, P.R. China

® These authors contributed equally to this work.
* liyuelei@tju.edu.cn

Abstract

We investigated the inter-day effects of price limits policies that are employed in agent-
based simulations. To isolate the impact of price limits from the impact of other factors, we
built an artificial stock market with higher frequency price limits hitting. The trading mecha-
nisms in this market are the same as the trading mechanisms in China’s stock market.
Then, we designed a series of simulations with and without price limits policy. The results of
these simulations demonstrate that both upper and lower price limits can cause a volatility
spillover effect and a trading interference effect. The process of price discovery will be
delayed if upper price limits are imposed on a stock market; however, this phenomenon
does not occur when lower price limits are imposed.

1 Introduction

The establishment of price limits is one of the most widely used price stabilization mechanisms
in the stock market, especially in emerging markets such as China’s stock market. However,
there are always controversies regarding price limits mechanisms. Proponents believe that
price limits can provide sufficient time to identify market information and re-evaluate the
intrinsic value of stocks. Ma et al. [1] argue that price limits can provide a cooling-off period
for the market and allow traders the time to digest the causes of the substantial price revisions
that culminate in the activation of the limits. Huang et al.’s [2] conclusion is consistent with
the overreaction hypothesis, where an overreaction is delayed and corrected by price limits;
thus, the results support the validity of price limits. Kim et al. [3] studied the price limits policy
in China’s stock market by comparing a sub-period with price limits with a different sub-
period without price limits; these researchers suggest that price limits can decrease short-term
volatility and mitigate abnormal trading activity. However, the sub-period without price limits
in their study was the early time of China’s stock market. At this time, the market was very
small with only a dozen listed stocks, investors could not distinguish between stocks and
bonds, and their opportunities to learn about trading mechanisms were limited. The question
regarding whether these results can contribute to a mature market has not yet been considered.
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Opponents believe that price limits will hinder market information transmission, increase
information asymmetry, delay the process of price discovery and reduce market efficiency.
Opponents also focus on three hypotheses, namely, the volatility spillover hypothesis, the
delayed price discovery hypothesis and the trading interference hypothesis. Kim and Rhee [4]
empirically tested these hypotheses regarding the effects of price limits on the Tokyo Stock
Exchange, and they compared stock volatility, trading volume and returns among all groups of
stocks. Their findings support each of the three hypotheses and suggest that price limits may
be ineffective. These findings are also supported by Kim and Limpaphayom [5]. Using Kim
and Rhee (1997)’s empirical method, Qu [6] researched the effects of price limits on China’s
stock market. Qu confirmed the efficacy of the three hypotheses based on the existence of
short-selling restrictions and concluded that widening price limits would have a greater impact
on market efficiency. Yeh and Yang [7] found evidence of delayed price discovery and trading
interference, and the significance of these phenomena depends on the level of the price limits.
Although Chang and Hsieh [8] found no evidence of the volatility spillover hypothesis and the
trading interference hypothesis, they determined that the process of delayed price discovery
exists. Investors are more likely to purchase stocks that hit upper limits “at a high price” than
sell stocks that hit lower limits “at a low price.” Wang et al. [9] arrived at the same conclusion.

The original purpose of setting price limits was to prevent irrational price fluctuations and
minimize investor losses. Tian and Cao [10] confirmed that price limits can decrease the vola-
tility of the Chinese stock market. Furthermore, Chen et al. [11] found that the effect of price
limits is asymmetric for bullish and bearish sample periods. During a bullish period, price lim-
its effectively reduce the stock volatility for downward price movements, not for upward price
movements, whereas during a bearish period, price limits effectively reduce the stock volatility
for upward price movements, not for downward price movements. However, contradictory
conclusions have also been found. Kim and Yang [12] considered that price limits do not play
arole in reducing volatility, and they even concluded that price limits will increase market vola-
tility and lead to market overreaction.

Concerning liquidity, which is affected by price limits, scholars have different opinions.
Fama [13] argues that price limits do not halt trading but prevent immediate corrections in
order imbalance. The liquidity of a stock is restricted when the stock hits the price limits, which
causes an increase in liquidity on the following trading days, as discussed by Zhuang and Zhao
[14]. Price limits have different liquidity effects on different types of stock, which is obvious in
the cases of stocks with a higher systematic risk, market value, turnover rate and PE ratio [15].

According to the above findings, researchers have not reached consistent conclusions
regarding what and how price limits affect stock markets, but this trading mechanism clearly
has a significant effect on stock price behavior [16]. However, most of the relevant reports in
the literature have involved examinations of price limits using empirical methods and event
studies, and various conclusions have been obtained for different regional markets and time
periods. It is difficult to find a benchmark for a specialized market in which price limits are
altered but the remaining trading mechanisms remain unchanged because there are significant
costs and risks associated with changing trading mechanisms in actual markets. Agent-based
computational finance (ACF) provides a simple and feasible means of solving this problem.
Lux and Marchesi [17] demonstrated that an agent-based model can generate behaviors that
arise from mutual interactions among participants in actual financial markets. An artificial
stock market should simulate market structure, trading mechanism and price formation. Mike
and Farmer [18] constructed an empirical behavioral model (the MF model) based on the con-
tinuous double auction mechanism in an order-driven market to simulate the dynamic process
of stock price formation. Subsequently, Gu and Zhou [19] modified the MF model by incorpo-
rating long memory into the aggressiveness of incoming orders. The return distributions of
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mock stocks in the MF model and the modified MF model have also been examined [20,21].
ACF has been used to study transaction taxes [22-24]; order books and order flows [25]; regu-
latory policies [26]; and flash crashes [27]. Westerhoff [26], who is commonly regarded as the
first scholar to use agent-based modeling to examine the effectiveness of price limits, found
that price limits can reduce volatility and decrease price distortion if the limits are not overly
restrictive. Yeh and Yang [7,28] reached a similar conclusion. However, the models used in
these studies only allow agents to place orders of unit size and cannot incorporate feedback
associated with the ongoing evolution of the market. To offset these disadvantages, Chiarella
etal. [25,29] proposed a model of an order-driven market in which traders set bids, determine
ask prices, conduct post-market trading, and submit limits orders according to exogenously
fixed rules. In addition, Chiarella et al. found that large price changes are likely to be generated
by the presence of large gaps in the books. Li et al. [30] modeled an artificial stock market with
trading mechanisms similar to those of the real Chinese stock market; these researchers pro-
moted a scaling calibration method. Furthermore, the volatility of China’s stock market is
clearly higher than the volatilities of developed markets [31]. Accordingly, we used the models
of Chiarella et al. [25] and Li et al. [30] to establish an artificial stock market with trading
mechanisms that simulates China’s stock market. In the present article, a combination of the
agent-based method and the empirical approach used by Kim and Rhee [4] is utilized to study
the inter-day effects caused by price limits, and the ways in which price limits affect market
efficiency are discussed.

2 The Artificial Stock Market

In this section, the approach used by Chiarella et al. [25], Chiarella and Iori [29] and Li et al.
[30] is employed to build an order-driven stock market with a boundedly rational heteroge-
neous agent that is modified in accordance with the Chinese stock market’s trading mecha-
nisms and regulations.

2.1 Agent decision process

The model assumes that there are two assets in the market: one is a risk-free asset, such as cash,
and the other is a high-risk asset, such as stocks. Each agent’s initial holdings and cash follow a
uniform distribution, S, U(0, Ns), C.~U(0, Nc). To simulate the trading process accurately,
we decompose every trading day into 49 sub-periods. When each cycle begins, a proportion of
agents are randomly selected to enter the market, and each agent predicts the future value of
the stock and then submits the order.

Assuming that all agents know the stock’s fundamental value of P and its historical price, P’
is given by:

Piﬂ :P{eaf (1)

P’ can be affected by good or bad news. To simulate this effect, we assume that there is a 1%
possibility that P will rise (or decrease) sharply. We set the market impact range from 5% to 15%.
Investment strategy is assumed to consist of fundamental analysis, technical analysis and

noise trading. In our model, each agent’s investment strategy is a combination of these three
strategies. The return of the agent that is selected into the market in the interval (t,t + ') is pre-

dicted by:
1 1 T
() s
T \
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~i
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+dw! (2)
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g, gb, n' represent the weights that are given to a fundamental analysis component, technical
analysis component, and noise analysis component, respectively, and they obey standard uni-
form distributions. It is well known that the opinions of noise traders may change from opti-
mistic to pessimistic and vice versa. We add a noise component €, that denotes the ‘noise’
factors that can make the opinion change. The noise component has zero mean and variance
0. do'! is used to simulate the overnight information disturbance, where d is a dummy at the
opening of d = 1 in the trading period of d = 0. In the disturbing term of @, N(0, 7,,,),7¢is the
reference value of 7 when the fundamentalist component for the mean reversion of the price to
the fundamental value, and 7 is the moving average of historical return that is referred by an

agent of technical analysis at time t. That is,

L1
Ty = ;Zrt—j (3)

Each agent has a different time horizon of 7. When the fundamental analysis component is
given greater weight, the agents have a longer time horizon. That is, investments should be
based on the long-term value of the stocks. When the technical analysis is given greater weight,
the agents have a shorter time horizon and engage in short-term trading. Accordingly,

) 1 i
= [T +g1,] (4)
1+4i

The predicted price of agent i at time ¢ + ; is given by:
ﬁi+1i = Ptexp(?i,tﬂf‘ci) (5)

When the agents obtain the stock’s predicted price, the decisions and transactions will be
performed. The agents determine the declared price interval [p,,in, Prmax] according to the opti-
mal bid-ask quote in the order book. TL is the degree of pre-trade transparency; for example, if
TL =5, p,in is the 5-bid price, and p,,, is the 5-ask price. If the levels of instantaneous orders
are less than TL, then the agent’s price interval is calculated as follows:

pmin:b_lXTS (6)

pmax:a+hXTS (7)

When h,I~U(0,TL), TS is the minimum quotation tick, a is the best ask price, and b is the
best bid price. If a or b does not exist, that is, if there are no buy or sell orders, then the last
transaction price should be taken as the current price. The agent must decide whether to place
a buy (or sell) order after forming his or her expectation of future price. The size of the order
should be determined by utility maximization. Assume that the agent is risk-averse and that
each agent has a different risk aversion coefficient. An agent who focuses on fundamental anal-
ysis is more risk-averse than an agent who focuses on technical analysis, and an agent who
focuses on fundamental analysis therefore has a greater risk aversion coefficient. Assume that
this agent has the following CARA (constant absolute risk aversion) expected utility function:

U(W, o) = —¢ ™ (8)

. 1 i
O(I:(X +g1

- 9
o (9)

where o is the reference level of risk aversion, and W/ is the wealth of agent i at time t. The
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calculation method is
Wi =Sp, +C (10)

Si > 0 and C; > 0 hold the shares and cash amount, respectively, of agent i at time t.
Assume that short selling and borrowing cash is restricted. Each agent can calculate the optimal
volume of holding shares at time t according to the principle of maximizing utility, regardless
of the friction in the market (i.e., trading fees, stamp duty):

_ In(p!
wip) = Li/P) )
% Vip
where p is the declared price, and V7 is the variance of returns that are expected by agent i. The
calculation method is:

Vi S b, (12)

Considering the existence of a price limits may cause a price to remain at the upper (lower)
limits for a long time; thus, Vi = 0. The agent’s demand for the stock will tend to infinity;
therefore, we assume that the minimum value of V/ is le-5.

If 7'(p) > S, the agent will submit a buy order, and the quantity is 7'(p) — Si; if the agent
cannot afford the number of stock, the number of buying is C!/p,.

If 7'(p) < Si, the agent will submit a sell order, and the quantity is S| — 7(p). Because short
selling is restricted, the maximum sell volume is .

If n'(p) = S, the agent thinks that the existing portfolio is optimal, and the agent no longer
submits orders.

Until now, the agent has completed a decision process and submitted an order that includes
the agent’s ID, trading direction, declared price, declared volume, declared time, and with-
drawal time.

2.2 Simulation design

In this paper, the trading mechanisms of an artificial stock market are designed to simulate
China’s stock market as accurately as possible. According to the trading rules of the Shanghai
stock exchange, each trading day is divided into 49 sub-periods. The first sub-period
attempts to simulate the opening call auction process, and the opening price is calculated.
The remaining 48 sub-periods represent the four-hour trading process of each trading day.
Considering that the trading volume during the opening period is generally greater than that
during other trading periods of the day and the order book will be cleared after the market
closed at the end of each trading day, it is necessary to generate enough orders to form a new
order book at the beginning of each trading day. Therefore, we assume that the agent enters
the market with a higher probability A, and keep the same probability A in the other sub-
period.

Before conducting our simulations, appropriate parameters were set and calibrated to gen-
erate a time series to show several stylized facts of real stock markets. The control parameters
of the simulations are shown in Table 1. At the beginning of each simulation, the value of the
fundamental price is 10. No agent was allowed to hold more than 100 shares of stock and
1,000 units in cash. The tick size and the range of price limits in this calibration model were
the same as the tick size and the range of price limits in the Shanghai and Shenzhen A-shares
market.
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Table 1. Parameters of the artificial stock market.

Parameters Value Description
N 1,000 Number of agent
PA0) 10 Initial value of stock fundamental value
o 1E-3 Daily volatility of stock fundamental value
O 1E-4 Standard deviation of the composition of noise
Oopen 1E-3 Standard deviation of the disturbance of overnight information
T 40 Reference value of agent in investment period
o 0.1 Reference value of risk aversion
Ns 100 Maximum initial stock holdings
Nc 1,000 Maximum initial cash holdings
TS 0.01 Tick size
TL 5 Market reveals gear in order books
Aopen 0.08 Proportion of agents entering market at opening
A 0.02 Proportion of agents entering market
PL 0.1 Range of price limits

doi:10.1371/journal.pone.0160406.t001

2.3 Calibration of the artificial stock market

Many trends in the stock market have been revealed. Stanley’s group has demonstrated that the
tail distributions of stock returns in the US market obey an inverse cubic law [32-34]. In the
Chinese stock market, studies have indicated that the distributions of returns at different
microscopic timescales exhibit power-law tails [35] and can be fitted by a q-Gaussian distribu-
tion [36]. In this section, we calibrate the artificial stock market with the actual transaction
data to test the frequency hitting price limits, fat tails and volatility clustering that are found in
the actual stock market.

The initial price of the stock in the artificial stock market is set to 10, and the simulated
price varies from 5 to 20. Therefore, we selected three similar stocks: China Television Media
(CTM), Dongfeng Electronic Technology (DETC) and Shanghai Potevio (SP). We use 2000
five-minute trading data since the first trading day in 2011. These stocks hit price limits with
higher frequency, and we compare them with the simulated data. The results are shown in
Table 2.

Table 2 shows that the return series’ statistical properties of the three stocks and the simu-
lated data (CDA) are very similar. For each stock, the kurtosis is significantly greater than that
found in Gaussian distributions with a kurtosis of 3; this result indicates that tails are decaying
extremely slowly. This finding is consistent with prior empirical results for Chinese stocks [35,
36]. All four return series have the stylized facts of kurtosis and fat tails.

Figs 1-4 display the price and return series of the three stocks and the simulated data. We
found that the five-minute yields vary between -2% and 2%. The price volatility of the three
stocks and CDA have similar trends. We also find that all the four return series have the same

Table 2. Comparison of statistical properties.

Sample Number of hitting
CTM 14
DETC 17
SP 26
CDA 14

doi:10.1371/journal.pone.0160406.t002

Mean Standard deviation Skewness Kurtosis JB statistics
-8.51E-06 0.003 1.0702 18.6769 2.09E+04
3.57E-05 0.0036 0.6606 8.0378 2.26E+03
3.88E-05 0.0043 2.818 56.0748 2.37E+05
2.71E-06 0.0031 1.1419 39.8214 1.13E+05
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Fig 1. The price and return series of China Television Media.

doi:10.1371/journal.pone.0160406.g001

first-order autocorrelation and the autocorrelation coefficients range from -0.2 to 0 (Figures
A-H in S1 File).

Figs 5-8 show distribution fitting, and Figs 9-12 show QQ graphs of the return series. The
two diagrams show that all four samples are characterized as fat tails. This finding means that
our artificial stock market can simulate the essential features of the real stock market.

To make the conclusion more convincing, we performed a volatility clustering test with
GARCH(1,1); for details, see Table 3. The conditional variance equation of GARCH(1,1) is as
follows:

ol =w+ou | + o, (13)

If o and P are significantly greater than zero, then when the sum of o and B is greater, the
lasting impact is longer and the volatility clustering is more obvious. From the results of
Table 3, the four samples’ o and f values are significantly positive, and the value of o +  from
in the artificial stock market is greater than 0.9, which accords with the actual stock market.
Therefore, the volatility clustering feature is significant.
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Fig 2. The price and return series of Dongfeng Electronic Technology.
doi:10.1371/journal.pone.0160406.g002

After this comparison, the simulated data have many similarities with the actual stock mar-
ket concerning its statistical characteristics. The artificial stock market can be used to simulate
high frequency price limits hitting behavior in the Shanghai Securities exchange. The artificial
stock market can also be used to research the inter-day effects of price limits.

3 Simulation Results

The simulation experiments were conducted with different settings; one group is without price
limits, and the other group has price limits that were set at a 10% level, which is the same as
China’s A-share market (regardless of the ST and * ST shares). We performed 30 experiments
in each group by setting different initial seeds (the initial seeds were 1,000, 2,000, 3,000, . . .
30,000). Each experiment simulated 400 trading days and 19,600 transaction sub-periods. We
chose a 15-day window from Day-7 to Day+7 to test the inter-day effects of price limits. Day+0
was the event day, namely, the day that the price limits was hit. Day+1 to Day+7 represent the
Ist to the 7th trading days after the event day, respectively, and Day-7 to Day-1 represent the
7th to the 1st trading days before the event day, respectively. When the stock price increases,
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the price of the upper limits hitting stocks must meet the following conditions:
H,+0.005>1.1x%C,, (14)
When the stock price decreases, the price of the lower limits hitting stocks must meet the
following conditions:
L, —0.0056<09x%xC,_, (15)

In these equations, H, and L, denote the highest and lowest prices of the stocks, respectively,
and C, represents the closing price.

3.1 Test for the volatility spillover effect

If there is a volatility spillover effect, stocks will have higher volatility after the price limits hit-
ting day. The volatility is measured by the square of return, namely, V;; = (r; ,j)z, where r;; = In
(C¢/Cy-1) is the daily return of stock i at time t, and C, is the closing price. We compared the
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volatility of the two groups after the price-limits-hitting day to investigate whether price limits
can lead to a volatility spillover effect.

The mean and median of volatility over the 15-day window of the two groups are reported
in Table 4. When the stock price rises, the volatility on Day+1 of the group with price limits is
significantly higher than before the event day, and then the volatility returns to normal levels
on subsequent trading days. However, the volatility of the group without price limits already
returns to normal levels on Day+1, and this group has less volatility than the group with price
limits at a 1% significance level. This result provides evidence to support the volatility spillover
effect of price limits. For the downward price movement, the volatility of the group with price
limits on Day+1 to Day+3 is higher than normal levels, and then the volatility returns to nor-
mal levels on subsequent trading days. Although the volatility of the group without price limits
returns to normal levels on Day+2, the volatility of the group with price limits on Day+1 is
greater than the volatility of the group without price limits at a 1% significance level. This result
also supports a volatility spillover effect. Therefore, price limits significantly increase the vola-
tility of the stock market.
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Table 3. Coefficient of the GARCH Model.

o B o+ Log likelihood
CTM 0.4686 0.2191 0.6877 8456.18
DETC 0.5992 0.1693 0.7685 8912.04
SP 0.4997 0.4419 0.9416 8237.44
CDA 0.4661 0.4424 0.9085 9194.43

doi:10.1371/journal.pone.0160406.t003

Table 4. The simulation results for the volatility spillover effect.

Day with price limits | without price limits
upward price movement
-7 0.602 (0.104) 1.177 (0.092)
-6 0.706 (0.070) 0.916 (0.060)
-5 0.413 (0.072) 0.671 (0.111)
-4 0.400 (0.107) 0.539 (0.084)
-3 0.402 (0.048) 0.415 (0.063)
-2 0.830 (0.113) 1.455 (0.159)
-1 0.897 (0.082) 1.532 (0.116)
0 9.018 (9.102) << 14.618 (13.903)
1 1.363 (0.948) >> 0.438 (0.119)
2 0.446 (0.081) 0.979 (0.144)
3 0.254 (0.103) 0.337 (0.103)
4 0.401 (0.078) 0.567 (0.103)
5 0.491 (0.085) 1.033 (0.099)
6 0.637 (0.052) 0.607 (0.075)
7 0.393 (0.105) 0.378 (0.104)
downward price movement
-7 0.275 (0.069) 0.423 (0.065)
-6 0.999 (0.105) 1.219 (0.087)
-5 0.715 (0.072) 1.160 (0.095)
-4 0.528 (0.063) 1.023 (0.061)
-3 0.353 (0.090) 0.335 (0.072)
-2 0.255 (0.062) 0.570 (0.081)
-1 1.272 (0.086) 0.803 (0.071)
0 10.917 (11.080) << 20.507 (18.593)
1 3.085 (1.731) >> 2.725 (0.493)
2 1.146 (0.463) 1.275 (0.299)
3 0.833 (0.268) 0.424 (0.110)
4 0.560 (0.141) 0.837 (0.124)
5 0.531 (0.109) 0.616 (0.055)
6 0.988 (0.112) 1.167 (0.118)
7 0.708 (0.132) 0.876 (0.093)

Note: Volatility is measured as follows: V;; = (r;,)°. The values that are shown in this table are multiplied by 1,000; the volatility of each trading day is taken
from the average value (median values are shown in brackets). “>>” (“<<”) means that the medians on the left (right) are greater than the medians on the
right (left) at a 1% significance level according to Wilcoxon’s rank-sum test.

doi:10.1371/journal.pone.0160406.t004
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3.2 Test for the trading interference effect

If price limits prevent trading, stocks become less liquid, which may cause intensified trading
activity on subsequent days. We expect to find that trading volume increases for the stocks that
are grouped on the day after a price limits hitting day, which indicates continued intense trad-
ing. The implication is that price limits prevent rational trading on the event day and indicates
a harmful interference to liquidity. The liquidity of stocks is measured by a logarithmic per-
centage change in stock trading volume, namely, TC,; = In(TVOL, ;/TVL,_, ;) x 100, and
TVOLy; is the trading volume of j stock on Day t. The results of this test are shown in Table 5.

From the results that are shown in Table 5, when price rises, the price limits trading volume
of the groups with price limits decreases on Day0, and the falling range of this trading volume
is -133.80%. On the next day (Dayl), the trading volumes rise significantly, and the rising

Table 5. The simulation results for the trading interference effect.

Day with price limits | | without price limits
upward price movement
-7 2.74% (-0.81%) 4.31% (0.73%)
-6 -0.63% (-3.92%) -3.38% (-3.79%)
-5 5.55% (0.36%) 4.69% (1.02%)
-4 -3.45% (-2.79%) -2.20% (-2.71%)
-3 -2.34% (2.89%) -4.27% (3.41%)
-2 -7.31% (-2.15%) -2.25% (1.93%)
-1 7.39% (-0.78%) 5.07% (-3.07%)
0 -133.80% (-147.79%) << -4.86% (-2.84%)
1 134.08% (138.72%) >> 8.95% (5.00%)
2 0.10% (0.62%) -2.44% (-3.27%)
3 2.17% (-1.65%) -0.40% (-1.55%)
4 -4.79% (-4.16%) -3.45% (-5.90%)
5 -2.22% (-0.76%) 1.24% (-0.86%)
6 -6.00% (-2.81%) -2.59% (-3.03%)
7 9.76% (8.35%) 2.28% (1.15%)
downward price movement
-7 -4.52% (0.78%) -5.28% (-2.49%)
-6 -7.86% (-3.67%) 2.57% (-2.90%)
-5 7.45% (1.48%) 2.02% (2.27%)
-4 5.55% (-3.62%) -1.47% (-1.91%)
-3 2.21% (-0.13%) 0.52% (-1.02%)
-2 -4.95% (-4.00%) -1.66% (-2.84%)
-1 -26.12% (-1.33%) -2.02% (1.90%)
0 -94.11% (-49.49%) << 3.62% (10.02%)
1 140.88% (70.49%) >> 1.86% (1.75%)
2 -2.76% (-9.71%) 2.48% (2.28%)
3 1.57% (0.84%) 1.53% (-0.17%)
4 -7.92% (-5.32%) -5.85% (-7.34%)
5 -1.94% (-3.28%) -2.22% (-6.06%)
6 -0.04% (1.10%) -1.32% (-0.83%)
7 -1.42% (-2.10%) -1.43% (0.36%)

Note: The trading volumes of each trading day are taken from the average value (the median values are shown in brackets). “>>”" (“<<”) means that the
medians on the left (right) are greater than the medians on the right (left) at a 0.01 significance level according to Wilcoxon’s rank-sum test.

doi:10.1371/journal.pone.0160406.t005
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range is 134.08%. This phenomenon is also found when prices fall. However, in the group with-
out price limits, there is no obvious change in trading volume on the event day and the next
day. Our findings support the existence of a trading interference effect and are consistent with
the results obtained by Kim and Rhee [4].

3.3 Test for the delayed price discovery effect

The delayed price discovery effect claims that positive (negative) overnight returns may occur
after a price limits is hit. To test the delayed price discovery effect, we calculate the close-to-open

return, r(O,C,) = In (g—g) , on the event day and the open-to-close returns, r(CyO;) = In(0,/Cy),

after the event day. Oy and C, denote the opening and closing price on the event day, respec-
tively, and O, denotes the opening price on Dayl. If the return is positive, it is marked as (+); if
the return is negative, it is marked as (-). If the return is 0, it is marked as (0). Therefore, there
can be the following nine types of possible combinations for the two returns above: [+ +], [0, +],
[+, -1, [0,-], [, +], [- 0], [-,-], [+, O], and [0, 0]. For upper limits hitting, regard [+ +] and [0, +]
as price continuations, [+, -], [0,-], [-, 4], [, 0] and [-,~] as price reversals, and [+,0] and [0,0]
as price unchanged. For lower limits hitting, regard [-,-] and [0,-] as price continuations, [+,+],
[0,+], [+,0], [+,-], and [-,+] as price reversals, and [-,0] and [0,0] as price unchanged. Table 6
shows the probability of price continuations, price reversals and no changes.

The delayed price discovery effect means that the existence of price limits will hinder the
process of stock price discovery, and the group with price limits will have a significant likeli-
hood of price continuations. According to Table 6, when the price rises, the frequency of price
continuations in the group with price limits is higher than in the group without price limits,
which is 0.5 and 0.43, respectively. Therefore, we observe evidence of a delayed price discovery
with upward price movement. However, when the stock price falls, the probability of the two
groups are equal at 0.41. Thus, when upper price limits are imposed, the value of price continu-
ations will increase. This finding supports the existence of a delayed price discovery effect for
upper, not lower, price limits.

However, when stock prices rise, the probability of price continuations in the group with
price limits is not much higher than this probability in the group without price limits. The evi-
dence of delayed price discovery is not powerful. At this point, we introduce a new variable,
Dev,, to measure the speed of price discovery. This variable is the absolute value of the differ-
ence between stock price and fundamental value, namely, Dev, = |p, — p}|. If the delayed price
discovery effect exists, the deviation value will increase significantly.

Table 7 shows the results. In the group with price limits, it is obvious that when stock prices
rise, the deviation value on Day 1 is significantly larger than normal levels, whereas in the
group without price limits, the deviation value is rather steady. This phenomenon supports the
price discovery effect. However, when stock prices fall, the deviation values of both groups
have the same change trend. This finding shows that lower price limits cannot cause a delayed
price discovery effect. This result is consistent with the outcome of the price continue probabil-
ity’s test.

Table 6. The simulation results for the delayed price discovery effect.

price behavior upward price movement downward price movement
with price limits without price limits with price limits without price limits
continuations 0.50 0.43 0.41 0.41
reversal 0.50 0.57 0.38 0.46
unchanged 0 0 0.21 0.13

doi:10.1371/journal.pone.0160406.t006
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Table 7. Deviation value test for the delayed price discovery effect.

Day with price limits | without price limits
upward price movement
-7 0.083 (0.050) 0.095 (0.047)
-6 0.081 (0.050) 0.087 (0.054)
-5 0.081 (0.048) 0.103 (0.058)
-4 0.080 (0.045) 0.080 (0.043)
-3 0.091 (0.053) 0.088 (0.054)
-2 0.082 (0.044) 0.072 (0.044)
-1 0.093 (0.056) 0.164 (0.069)
0 0.110 (0.042) 0.281 (0.054)
1 0.340 (0.368) >> 0.133 (0.072)
2 0.058 (0.044) 0.120 (0.058)
3 0.073 (0.050) 0.115 (0.077)
4 0.113 (0.083) 0.120 (0.071)
5 0.093 (0.066) 0.097 (0.054)
6 0.080 (0.057) 0.095 (0.063)
7 0.108 (0.072) 0.114 (0.074)
downward price movement
-7 0.066 (0.052) 0.088 (0.054)
-6 0.068 (0.043) 0.105 (0.049)
-5 0.096 (0.060) 0.096 (0.057)
-4 0.091 (0.059) 0.095 (0.061)
-3 0.084 (0.055) 0.100 (0.062)
-2 0.064 (0.051) 0.110 (0.051)
-1 0.087 (0.042) 0.080 (0.042)
0 0.101 (0.052) 0.093 (0.065)
1 0.241 (0.194) 0.252 (0.151)
2 0.265 (0.247) 0.557 (0.272)
3 0.159 (0.109) 0.125 (0.070)
4 0.076 (0.058) 0.079 (0.060)
5 0.081 (0.052) 0.078 (0.060)
6 0.071 (0.044) 0.077 (0.050)
7 0.070 (0.039) 0.059 (0.045)

Note: The Dev; value of each trading day is taken from the average value (the median value is in brackets).
“>>” means that the medians on the left are significantly greater than the medians on the right at a 1%
significance level according to Wilcoxon’s rank-sum test.

doi:10.1371/journal.pone.0160406.t007

4. Conclusion

In this paper, we explored the inter-day effects of price limits on China’s stock market. Because
the trading data in the real stock market confuses some financial factors, it is difficult to isolate the
impact of price limits from other factors. Therefore, we built an artificial order-driven stock mar-
ket by referring to Chiarella et al. [25], Chiarella and Iori [29] and Li et al. [30]. We modified the
artificial stock market considering the unique trading mechanisms and regulatory conditions of
China’s stock market. Then, we conducted a series of simulations with and without price limits.
We found that price limits can increase volatility after the price limits are hit. This phenom-
enon indicates that a volatility spillover effect exists. The main reason for this effect may be
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investor overreaction. Our findings also support the trading interference effect because trading
volume increases after the price limits hitting day. If upper price limits are imposed on the
stock market, the price discovery will be delayed, whereas this phenomenon is not apparent
when lower price limits are imposed. Only upper price limits delayed the process of price
discovery.

However, there are still many problems and improvements that this article does not address
in terms of model building. Most price limits are caused by significant changes in a stock’s fun-
damental value, whereas this model functions only from the perspective of trading mecha-
nisms. This model cannot simulate investor sentiment and order submission strategies before
stocks hit price limits in the process of order formation; therefore, many miniscule phenomena
of the actual market cannot be simulated. Future research could add variables that measure
agent sentiment and learning mechanisms.
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