
Can Jia, Tianmin Zhou and Handong Li*

Statistical characteristics of price impact in
high-frequency trading
https://doi.org/10.1515/snde-2018-0067
Received July 8, 2018; accepted April 18, 2020; published online June 1, 2020

Abstract: Trading volume changes based onmarketmicrostructure will impact asset prices, whichwill lead to
transaction price changes. Based on the extendedHasbrouck–Foster–Viswanathan (HFV)model, we study the
statistical characteristics of daily permanent price impact and daily temporary price impact using high-
frequency data from Chinese Stock Markets. We estimate this model using tick-by-tick data for 16 selected
stocks that are traded on the Shanghai Stock Exchange. We find the following: (1) the time series of both the
permanent price impact and temporary price impact exist in stationarity and long-term memory; (2) there is a
strong correlation between the permanent price impact among assets, while the correlation coefficient of the
temporary price impact is generally weak; (3) the time interval has no significant influence on the trade volume
and the price change at the tick frequency, which means that it is not necessary to take into account the time
interval between adjacent transaction in high-frequency trading; and (4) the bid-ask spread is an effective
factor to explain trading price change, but has no significant impact on trade volume.

Keywords: HFV model; permanent price impact; price change; temporary price impact; trade volume.

1 Introduction

In financial markets, the large volume trading behavior of institutional investors will impact the transaction
price of assets, resulting in price changes and transaction costs increasing. The price impact in high-frequency
data reflects the price generationmechanism of the financial markets, which is the core issue of concern of the
algorithmic trading in financial markets.

Price impact refers to the correlation between an incoming order (to buy or to sell) and the subsequent price
change. There are two main distinct possibilities to explain why there has price impact. 1) The impact of trades
reveals someprivate information. The arrival of newprivate information causes trades,which causesother agents
to update their valuations, thus leading to a price change (Hopman 2007). 2) The impact is caused by illiquidity.
Amihud (2002) mentions that the illiquidity measurement can serve as a rough measure of the price impacts.
Chordia, Huh, and Subrahmanyam (2009) estimated illiquidity using structural formulas in line with Kyle (1985).
Lespagnol and Rouchier (2018) finds that considering the liquidity as an endogenous characteristic of themarket
andallowing thedesignationof investors asbounded rational, the features suchas the trend-followerexpectation
and the heterogeneous investment horizon are important to generate the excess volatility of asset prices.

The existing theoretical and empirical literature provides justification for typically choosing between trade
size, signed trade size, and a polynomial trade variable. Theoretical models suggest that the permanent price
impact is linearly related to the trade size, such as in Kyle (1985), and Huberman and Stanzl (2004), which
supports using the signed trade size as the trade variable. In addition, Glosten and Harris (1988) presents an
asymmetric information model in which the bid-ask spread is broken into a transitory component and an
adverse-selection component. In contrast, the empirical literature shows that trade size contributes little in-
cremental explanatory power to the trade direction when estimating the permanent price impact, such as in
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Jones, Kaul, and Lipson (1994) and Hasbrouck (2007), which supports using the trade sign as the trade variable.
Bouchaud, Farmar, and Lillo (2009) find that the autocorrelation of the trade signs decays extremely slowly with
time on a large variety ofmarkets. Hasbrouck (1991) argues that the assumed linearity between the trade variable
and quote updates may be a tenuous approximation and could lead to a misspecified model. To overcome this
misspecification, Hasbrouck (1991) advocates to use a polynomial terms as the trade variable to capture any
nonlinear relationships between quote updates and trade size. Despite these findings, polynomial terms are
rarely used in practice. Brennan and Subrahmanyam (1996) combined the Hasbrouck (1991) model with the
Foster and Viswanathan (1993) model, which is called the Hasbrouck–Foster–Viswanathanmodel (HFV), when
studying the illiquidity compensation of stock returns. The model explains the price adjustment due to the
unexpected transaction volume.

Furthermore, several extensions of the model have been proposed. Huberman and Stanzl (2004) give a
rational explanation of the linear price impact model under the no-arbitrage framework. Almgren and Chriss
(1999, 2000), Almgren (2003), Lillo, Farmer, and Mantegna (2003), and Huberman and Stanzl (2004) extend
the simple linear model to the nonlinear model. Of course, this extension makes it difficult to obtain a
numerical solution. Farmer and Zamani (2007) introduce a means of decomposing the total impact of trading
into two components, defining the mechanical impact of a trading order as the change in the future prices in
the absence of any future changes in decision making, and the informational impact as the remainder of the
total impact once mechanical impact is removed, and then give the properties of the two components. Dufour
and Engle (2000), and Engle and Sun (2007) introduces the effect of the duration between trades of a given
stock as an important driver of the volatility of fundamental innovations. Jondeau, Lahaye, and Rockinger
(2015) further discuss the impact of jump on the total variation of stock returns. Philip (2020) augments vector
auto-regression estimation methods to model the nonlinear relationship between the permanent price impact
and trade size and proposes an alternative technique, a flexible reinforcement learning (RL) algorithm, when
capturing today’s trading environment including the additional variables. Considering the transaction’s
timeliness and the random characteristic of the transaction price, Almgren (2003), Polimenis (2005), and Ting,
Warachka, and Zhao 2007 also try to use the random function tomodel the effect of the transaction on the price.
Almgren et al. (2005) use the transaction data of Citibank in the United States to conduct an empirical analysis
on the price influence equation, and the empirical results support the hypothesis of a linear form.

The studies are mainly based on the microstructure model and using the model to measure the price
impact. However, it lacks analysis of the distribution characteristics of the permanent price impact and the
temporary price impact. Based on the HFV model, this paper first extends the model and then analyzes the
daily permanent price impact and daily temporary price impact based on high-frequency data traded on the
Shanghai Stock Exchange (SSE). In this paper, the daily permanent price impact and daily temporary price
impact can well reflect the statistical characteristics and dynamics in the stock market. So we choose the HFV
model instead of a more specific microstructure with lots of explanatory variables.

The remainder of the paper is organized as follows. Section 2 presents the extended HFVmodel. Moreover,
this part explains the De-trended Fluctuation Analysis method, which is useful for analyzing time series that
appear to be long-memory processes. Section 3 reports our results on the estimation of the 16 selected stocks
traded on the Shanghai stock market, including the stability, distribution. and long-memory of permanent
price impact and temporary price impact. Then, we discuss the effects of time intervals between transactions
and bid-ask spread on the price impact. Section 4 concludes the paper.

2 Model and method

2.1 Extended HFV model

In contrast to Hasbrouck (1991) and following Foster and Viswanathan (1993), Brennan and Subrahmanyam
(1996) propose the HFV model to describe the effect of unexpected volume on price changes. They apply the
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model to transaction prices rather than to bid-ask quotes. TheHFVmodel, which used transaction prices rather
than bid-ask quotes, can be summarized by the following two equations.

qt = αq + ∑
j=1
βj Δ pt−j + ∑

j=1
γj qt−j + τt (1)

Δpt = αp + ψ[Dt − Dt−1] + λτt + νt (2)

where qt is the order flow, and pt is the transaction price. In the signed trade volume dynamics (Eq. (1)),
Δpt = pt − pt−1 denotes the transaction price change for transaction time t, and βj measures the effect of the
trading price change on the trade volume. The parameter γj measures the effect of the trade volume auto-
regression, while τtmeasures the trade informativeness. Thus, if trades are auto-correlated or predictable from
past price changes, then part of the contemporaneous order flow is predictable and should not be concluded in
measuring the information content of a trade. In the trading price change dynamics (Eq. (2)), qt denotes the
signed trade quantity corresponding to the price change, and Dt denotes the indicator corresponding to the
direction of a trade. ψ measures the permanent effect of the trade direction, and λ measures the temporary
effect of the unexpected trade volume. vt denotes the error term.

In equitymarket, to reduce impact investors tend to split their orders into smaller pieces and execute them
gradually. And for some reasons, the different investorswill have the similar behavior. Both of these conditions
will led to a remarkable market phenomenon that orders to buy tend to be followed by more orders to buy and
orders to sell tend to be followed bymore orders to sell (Toth et al. 2015). In our model, Dt is the corresponding
variable to explain this situation, whichmeansDt has the serial correlation naturally. As illustrated in Figure 1,
the scale index value defined in part 2.2 of PingAn stock all over 1, whichmeansDt series have a persistent long-
range correlation. Corresponding, the coefficient ψ that measures the permanent effect of the trade direction
will also show the characteristic of long-memory. While order flow qt is contain the information of trade
direction, and is persistent (Toth et al. 2015). Thus, the coefficient λ will also be affected by qt.

The model focuses on the price response to unexpected volume as the measure of the adverse selection
component of the price change. The rationale is that if trades are auto-correlated or predictable from past price
changes, then part of the contemporaneous order flow is predictable and should not be included inmeasuring
the information content of a trade. Since the model is formulated in tick time, observations are randomly
spaced through time. We need to consider the effects of time interval between trades on the trade volume and
trading price changes. Therefore, we introduce δTt, the time interval between trade t − 1 and t, as an
explanatory variable to the basic HFV model. Here, we form the extended HFV model.

Assume that the time interval affects the signed transaction volume. That is, the time interval δTt from the
trade t − 1 to the trade twill affect the transaction volume and the price change on trade t. The existing research
results show that the bid-ask spread is a typical index to measure stock liquidity. The smaller the bid-ask
spread, the less price impact there is for large orders, and thus the more liquidity is ready to be supplied in the

Figure 1: Long memory test results of trading direction
sequence Dt of PingAn stock.
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market. Then, we add the time interval effects and bid-ask spread into the basic HFV model and get the
following model for estimation:

qt = α′q + ∑
j=1
β′ j Δ pt−j + ∑

j=1
γ′ jqt−j + ∑

j=1
σ′

j δTt−j + ∑
j=1
ξ ′ j St−j + τ′t (3)

Δpt = α′
p + ψ′[Dt − Dt−1] + λ′τ′t + ∑

j=1
σ″

j δTt−j + ∑
j=1
ξ ″ j St−j + ν′t (4)

where the definitions of the variables qt, Δpt, andDt are the same as the HFVmodel (see Eqs. (1) and (2)). In the
signed trade volume dynamics (Eq. (3)), β′j measures the effect of a trading price change on the trade volume.
The parameter γ′j measures the effect of the trade volume auto-regression, while σ′

j and ξ ′ j separate represents
the trade interval and the bid-ask spread impacts on the trade volume. The residual term τ′t represents the
surprise in the signed trade volume. In the trading price change dynamics (Eq. (4)), the parameterψ′ measures
the permanent effect of the trade direction. The parameter λ′ measures the temporary effect of the unexpected
trade volume, while σ″

j and ξ ″ j respectively measures the trade interval and the bid-ask spread impacts on the
trading price changes. Finally, ν′t denotes the error term.

2.2 Detrended fluctuation analysis

TheDetrended FluctuationAnalysis (DFA) is amethod for analyzing time series that appear to be long-memory
processes and was proposed by Peng et al. (1994) based on the DNA mechanism. It can detect long-range
correlations that appear on the surface as non-stationary time series and can eliminate the pseudo-correlated
phenomena in artificial non-stationary time series. Amir Bashan (2008) conducted a comparative analysis of
several approaches based on the similarity of the long-range correlation of detection time series and compared
the three methods of the DFA, Modified Detrended Fluctuation Analysis (MDFA), and Centered Moving
Average (CMA)Methods. CMA is similar toDFA, butwhen the data are shorter, the result based onCMA is better
than DFA, and DFA is slightly better thanMDFA. In addition, when the function form of the trend in the data is
not known, the DFA method is a good choice.

Take the time series {xk}, k = 1,2,3,… ,N, with a given lengthN. The general process of the DFAmethod is as
follows.

Step 1: Construct a new sequence y(i) based on {xk}.

y(i) = ∑
i

k=1
(xk − x), i = 1, 2, 3,…,N (5)

Step 2: Divide the new sequence into Ns = [N/s] non-overlapping segments of equal length s. Consider the
situation that the original sequence length N is not necessarily divisible by the subinterval length s. Therefore,
in order to ensure that the original sequence information is not lost, it can be once divided from the end of the
sequence. Thus, we get 2Ns subintervals of length s.

Step 3: Fit the local trend y(k)v (j), v = 1, 2,…,Ns, on each subinterval v using the least square method,

where y(k)v (j) is a k-order polynomial, k = 1,2,3,… , denoted as DFA1, DFA2, DFA3,…. Then, we eliminate the
local trend in each subinterval v and obtain the detrending sequence:

Zv(j) = yv(j) − y(k)v (j), j = 1, 2,…, s (6)

Step 4: Calculate the squared mean of 2Ns de-intersection subinterval series.

F2(s, v) = 1
s
∑
s

j=1
Z2
v(j), v = 1, 2,…, 2Ns (7)

Then we obtain the square root of the mean of F2(s,v).
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F(s) =
̅̅̅̅̅̅̅̅
1

2Ns
∑
2Ns

v=1
F2

√
(s, v) (8)

Step 5: Analyze the relationship F(s)∝ sε between the wave function F(s) and s, where ε is the scale
index that reflects the relevant characteristics of the sequence. Beran et al. (1995) find that the scaling
exponent ε is related to the correlation exponent ω by ω = 1 − ε/2. The slope of the change in logF(s) versus
logs is given as ε.

When ε = 0.5, there is no correlation in the sequence. That is, the sequence is random (white noise), and
there is no long memory. When 0 < ε < 0.5, the time series has an anti-persistent state, and the anti-persistent
time series shows a greater reversal trend. When 0.5 < ε ≤ 1, the time series has a persistent state, and the
continuous time series tends to follow the trend more. When ε > 1, the time series has a persistent long-range
correlation. For more explanation, see Bahar et al. (2001), Bartsch et al. (2005), and Santhanam, Bandyo-
padhyay, and Angom 2006.

3 Empirical analysis

3.1 Data and preliminary processing

In thismarket, based on the SSE, liquidity is provided by the limit order book since there are nomarketmakers.
Limit orders consist of a quantity to buy or sell at that price. Orders are submitted by investors through brokers
and stored in the limit order book. The matching of orders and their corresponding trades follows strict price
and time priorities. Market orders (i. e., orders to buy or sell at the best price available in the book) are
immediately executed andmatched with the best orders on the opposite side of the book. The exchange opens
at 9:30 am and closes at 3:00 pm, including a lunch break from 11:30 am to 13:00 pm.

The data consist of all intraday tick-by-tick transaction prices and quantities spanning from January 2nd,
2014, to September 25th, 2017. Since the constituents of the SSE’s 50 index stocks will be changed every half
year, we choose 16 financial stocks that remain as the constituent stocks from 2014 to 2017 that are traded on
the SSE. They are PingAn Insurance (Group) Co. (PingAn), China Pacific Insurance (Group) Co. (CPIC), China
Life Insurance (Group) Co. (ChinaLife), Shanghai Pudong Development Bank (SPDB), China Minsheng
Banking Corp. (CMBC), China Merchants Bank (CMB), Industrial Bank Co. (CIB), Bank of Beijing (BOB),
Agricultural Bank of China (ABC), Bank of Communications (BCM), Industrial and Commercial Bank of China
(ICBC), China Everbright Bank (CEB), CITIC Securities Co. (CITIC SEC), HaiTong Securities Co. (HaiTong SEC),
China Merchants Securities (CM SEC), and HuaTai Securities Co. (HuaTai SEC). There are slight differences in
their quantities due to the different levels of data missing for each stock. After eliminating non-traded
weekends, statutory holidays, and incomplete trading days, the trading days of all the selected stocks
exceeded 860 days, and the average daily data exceeded 3400. The specific quantities of each stock are seen in
Table 1.

The transaction prices were adjusted in the following way. Trades before 9:30 am and after 3 pm were
eliminated. The 25 s after the opening time are also ignored because they are close to the pre-market opening
session.

For specific, we obtain the intraday day structure of trade volume in every 5 min. Figure 2 shows
the average changing of trade volume in one day of selected stocks. It represents a typical U shape of
trading, which means trade volume is always larger at the beginning and the end than the middle of the
whole exchange period. And due to the influence of lunch break time, and there exits some violent
fluctuations around 1 pm. For a clearer observation, we separately give the trade volume changing of
PingAn in one day.
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Table : Basic information of the  selected stocks traded in the Shanghai stock market.

Ticker symbol Trading days Daily average data

PingAn  

CPIC  

ChinaLife  

SPDB  

CMBC  

CMB  

CIB  

BOB  

ABC  

BCM  

ICBC  

CEB  

CITIC SEC  

HaiTong SEC  

CM SEC  

HuaTai SEC  

Figure 2: The intraday day structure of average trade
volume of selected stocks.

Table : The ADF unit root test results of the price change on January , .

Ticker symbol ADF statistical value p-value

PingAn −. .E-
CPIC −. .E-
ChinaLife −. .E+
SPDB −. .E-
CMBC −. .E+
CMB −. .E+
CIB −. .E+
BOB −. .E+
ABC −. .E-
BCM −. .E+
ICBC −. .E-
CEB −. .E-
CITIC SEC −. .E-
HaiTong SEC −. .E+
CM SEC −. .E-
HuaTai SEC −. .E+
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3.2 Estimate the permanent and the temporary price impact coefficient

We test the time stationarity of the price change Δpt and the signed trade volume qt separately using the ADF
unit root test. The results show that the statistical values of Δpt and qt of all the selected stocks are less than the
test value under the 1% significance level, which indicates that all of the time series are statistically stationary
and satisfy the requirement of using the least squares for estimation. To conserve space, we represent the ADF
unit root test results of the price change and signed trade volume on January 2, 2014, in Table 2 and 3,
respectively.

We obtain the daily permanent price impact and daily temporary price impact for each stock and the
results of the significance test of the two types of price impacts for the selected stocks. The t-test results show
that the regression parameters are highly statistically significant under the 5% significance level. Take PingAn
for example. Figure 3 shows the p-values of the daily permanent price impact and the daily temporary price
impact using a t-test. The p-values of the daily permanent price impact are less than the test value under the 5%
significance level, and for the daily temporary price impact series, the p-values of 887 days in the 899 trading

Table : The ADF unit root test results of the signed trade volume on January , .

Ticker symbol ADF statistical value p-value

PingAn −. .E+
CPIC −. .E-
ChinaLife −. .E+
SPDB −. .E+
CMBC −. .E+
CMB −. .E+
CIB −. .E+
BOB −. .E-
ABC −. .E-
BCM −. .E-
ICBC −. .E+
CEB −. .E+
CITIC SEC −. .E+
HaiTong SEC −. .E-
CM SEC −. .E+
HuaTai SEC −. .E-

Figure 3: p-values series of the
two types of price impact under
the t-test of PingAn. The upper
figure plots the p-values of the
daily permanent price impact
coefficient, and the lower
figure plots the p-values of the
daily temporary price impact
coefficient.
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data (accounting for 98.7% of the total) are less than 0.05 using a t-test. That is to say, the two types of price
impact are generally significant.

Figure 4 represents the time-variance of the daily permanent price impact and the daily temporary price
impact of PingAn. The regression values of the permanent price impact are persistent and have a positive
impact on the price change, thus suggesting that a buy trade should push the price up, which seems obvious at
first sight and is easily demonstrated empirically. The permanent price impact reflects the long-term effect on
price changes of the trade direction, thus suggesting that the sign of the permanent price impact will not
change over time. The temporary price impact reflects the impact of the unexpected signed trade volume on the
trading price. Since the unexpected signed trade volume includes both the trade direction and trade volume,
the sign of the temporary price impact is not determined to be changing with the specific circumstances.

Table 4 provides some summary statistics of the daily permanent price impact for the 16 selected stocks.
Themean of the daily permanent price impact is positive, andmost of the skewness is positive, thus indicating
that the right tail of the probability density function is greater than the left side. That is, the long tail is on the

Figure 4: The evolution of the
daily permanent price impact
and daily temporary price
impact of PingAn. The top
figure displays the daily
permanent price impact as the
observation time proceeds,
and the bottom figure plots the
daily temporary price impact.

Table : Summary statistics. It reports the mean, standard deviation, skewness, kurtosis and L–B statistics of the daily per-
manent price impact.

Ticker symbol Mean Standard deviation Skewness Kurtosis L–B statistics

PingAn . . . . .E-
CPIC . . . . .E-
ChinaLife . . . . .E-
SPDB . . . . .E-
CMBC . . . . .E-
CMB . . . . .E-
CIB . . . . .E-
BOB . . . . .E-
ABC . . −. . .E-
BCM . . . . .E-
ICBC . . −. . .E-
CEB . . −. . .E-
CITIC SEC . . . . .E-
HaiTong SEC . . . . .E-
CM SEC . . . . .E-
HuaTai SEC . . . . .E-
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right side. The kurtosis is all positive, thus suggesting that it shows a sharp peak. The sign of the mean of the
temporary price impact is unclear, and the standard deviation is very small. Almost all the skewness is positive,
which means that the long tail part is on the right side of the density function, and the kurtosis is all positive,
thus showing a sharp peak. The L–B statisticswere constructed to test the hysteresis correlation of the obtained
two types of daily price impact coefficients. The results show that the first-order lag tests of the two types of
price impact coefficients are less than 0.01. That is, the two types of price impact coefficients are correlated,
and the series have the ARCH effect. Table 5 reports the summary statistics of the daily temporary price impact,
including the five indicators of the mean, standard deviation, skewness, kurtosis, and L–B statistics.

Furthermore, in order to find out the distribution characteristics of the two types of price impact co-
efficients, we obtain a histogram of 16 selected stocks from the two types of price impact coefficient series, as
shown in Appendix 1.

There are differences in the distribution characteristics of each stock, but some of the distributions show
similar characteristics. For example, the daily permanent shock coefficient has 12 stockswith the characteristic
of left-tailing, and the distribution of four stocks shows right-tailing characteristics. Then, we integrate the
daily permanent price impact coefficients and the temporary price impact coefficients of the selected stocks to
obtain the whole distribution characteristics of the selected financial stocks. On the left side of Figure 5 is the
distribution curve of the overall daily permanent price impact coefficient. On the right side is the distribution

Table : Summary statistics. It reports the mean, standard deviation, skewness, kurtosis and L–B statistics of the daily tem-
porary price impact.

Ticker symbol Mean Standard deviation Skewness Kurtosis L–B statistics

PingAn .E- .E- . . .E-
CPIC .E- .E- . . .E-
ChinaLife .E- .E- . . .E-
SPDB .E- .E- . . .E-
CMBC .E- .E- . . .E-
CMB .E- .E- . . .E-
CIB .E- .E- . . .E-
BOB .E- .E- . . .E-
ABC −.E- .E- −. . .E-
BCM .E- .E- . . .E-
ICBC .E- .E- . . .E-
CEB −.E- .E- . . .E-
CITIC SEC .E- .E- . . .E-
HaiTong SEC .E- .E- . . .E-
CM SEC .E- .E- . . .E-
HuaTai SEC .E- .E- . . .E-

Figure 5: Distribution
characteristics of the two types
of price impact coefficients.
The left figure plots the
distribution of the daily
permanent price impact, and
the right figure plots the
distribution of the daily
temporary price impact.
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curve of the overall temporary price impact coefficient. The general distribution of the two types of coefficients
can be fitted by the generalized extreme value distribution.

The two types of price impact coefficients for each stock are quite different from the overall. The distri-
bution of some permanent price impact coefficients is similar to the overall characteristics. In comparison, the
distribution characteristics of the temporary price impact coefficients are different from the overall distribution
characteristics.

3.3 Smoothness and long-term memory test of the price impact coefficient series

Furthermore, we discuss the statistical characteristics of the daily permanent price impact coefficient and the
daily temporary price impact coefficient, andwe test the stationarity and long-termmemory for the two types of
price impact coefficients of each stock. Table 6 shows theADF test results for the selected stocks. The columnof
the permanent price impact coefficient shows the p-value of the test result by examining the unit root of the
permanent impact coefficient series. The temporary price impact coefficient column shows the p-value of the
test result by examining the unit root of the temporary price impact coefficient series.

From the test results in Table 6, the daily permanent price impact coefficient series of almost all stocks are
time steady under the 5% significance level, and most temporary price impact coefficients are time steady
under the 5% significance level.

We obtain the Hurst Index by using a non-parametric way, which is the DFA method. Table 7 gives the
αpermanent of the daily permanent price impact and the αtemporary of the daily temporary price impact of the 16
selected stocks.

From the results of the above table, it can be seen that the scale index of all stocks is greater than 0.5. That
is to say, the daily permanent price impact coefficient series and the daily temporary price impact coefficient
series have a persistent long-term correlation, and there aremore tendencies. In other words, if a stock is on an
upward trend during the previous period, the next period is likely to rise, and if the stock is declining during the
previous period, the next period is likely to fall.

The statistical properties of the two types of scale indices for the 16 selected stocks are shown in Table 8.
The mean value of the scale index of the permanent price impact coefficient is smaller than the mean value of
the temporary price impact coefficient scale index, and the variance of the permanent price impact coefficient

Table : The p-value of the ADF test for the price impact coefficient series.

Ticker symbol Permanent price impact Temporary price impact

PingAn . .
CPIC . .
ChinaLife . .
SPDB . .
CMBC . .
CMB . .
CIB . .
BOB . .
ABC . .
BCM . .
ICBC . .
CEB . .
CITIC SEC . .
HaiTong SEC . .
CM SEC . .
HuaTai SEC . .
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scale index is greater than the variance of the temporary price impact coefficient scale index. Furthermore, we
use the paired t-test to analyze whether there are significant differences in the long-term memory of the two
types of coefficients. The results show that at the significance level of 5%, there is no significant difference in
the long-term memory of the two types of coefficients.

Aswe explain in Section 2.1, the two types of price impactwill be affected by the auto-correlation of trading
direction and order flow respectively. And the empirical results illustrate this conclusion.

3.4 Correlation analysis of the price impact coefficients

In order to discuss the price impact relationships between stocks, we eliminate the incomplete data segments
for the 16 selected stocks and then obtain a complete data series of 791 days. Then,we analyze the correlation of
the two types of price impact coefficients. According to the nature of the industry, the stocks are divided into
the banking industry, the securities industry, and the stock industry, and we conduct a correlation analysis of
the impact coefficients in the industry. The results find that there is a clear correlation between the permanent
price impact coefficients of stocks, and the correlation between the temporary price impact coefficients are
generally weak. Table 9 and 10 respectively gives the correlations of the permanent price impact coefficient
and the temporary price impact coefficient of the stocks in the banking industry.

From the results of the correlation matrix, we can see that the overall correlation of the temporary price
impact coefficient of the banking industry is relatively low with no more than 0.4. In contrast, the permanent
price impact coefficient of the banking industry is relatively large. Among them, there are 23 groups where the
correlation of the permanent price impact coefficient exceeds 0.5, and BCM and CEB have the highest corre-
lations of the permanent price impact coefficient, which is 0.6483.

Table : The scale index of the price impact coefficients of the selected stocks.

Ticker symbol Scale index αpermanent Scale index αtemporary

PingAn . .
CPIC . .
ChinaLife . .
SPDB . .
CMBC . .
CMB . .
CIB . .
BOB . .
ABC . .
BCM . .
ICBC . .
CEB . .
CITIC SEC . .
HaiTong SEC . .
CM SEC . .
HuaTai SEC . .

Table : Statistical properties of the two types of price impact scale indices.

Index Scale index for the permanent price impact coefficient
αpermanent

Scale index for the temporary price impact coefficient
αtemporary

Mean . .
Variance . .
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The analysis results of the correlation between the daily permanent price impact coefficient and the
temporary impact coefficient for the insurance industry and the securities industry are the same as those for the
banking industry. See Appendix 2 for the specific results.

In summary, the paired t-test of the correlation analysis shows that the t-value is 3.678 and the p-value is
0.00035. Under the 1% significance level, the correlations between the temporary price impact coefficients of
each stock are significantly lower than those for the permanent price impact coefficients. The correlation
shows that the permanent price impact coefficients affect each other among the stocks, and the instantaneous
impact factor has less mutual influence on the stocks.

3.5 Trade interval and bid-ask spread effect

The raw data used in this study are tick-by-tick data. Because of the randomness of transactions, the time
interval of the trading data is not constant. We speculate that the length of the time delay affects the size of the
price impact coefficient to a certain extent, so we add the interval item into the model.

Basedonmodel (3) and (4),weobtain the coefficients using the least squaresmethod. Then, the results of the
significance tests show that the permanent price impact and temporary price impact coefficients are significant
under the 5% significance level, and time interval’s impact is not significant under the 5% significance level.

In order to know the time interval impact on the trade volume, the upper figure in Figure 6 gives the p-values
of the significance test of PingAn.Under the significance level of 5%, the regressioncoefficient of the time interval
impact is not significant, which shows that the explanation of the time interval impact is very small for trade
volume. For the above reason, we remove the time interval impact as the explanatory variable of trade volume.

As for the time interval impact on the trading price change, the lower figure in Figure 6 gives the p-values of
the significance test of PingAn. Under the significance level of 5%, the regression coefficient of the time interval
impact is not significant, which shows that the explanation of the time interval impact is very small for trading
price changes. For the above reason, we remove the time interval impact as an explanatory variable of trading
price changes.

Table : Correlation of the permanent price impact coefficients of stocks in the banking industry.

Correlation CEB CIB CMB BCM SPDB CMBC BOB ABC

CEB 

CIB . 

CMB . . 

BCM . . . 

SPDB . . . . 

CMBC . . . . . 

BOB . . . . . . 

ABC . −. −. . −. −. −. 

Table : Correlation of the temporary price impact coefficients of stocks in the banking industry.

Correlation CEB CIB CMB BCM SPDB CMBC BOB ABC

CEB 

CIB . 

CMB −. . 

BCM . . . 

SPDB −. . . . 

CMBC . . . . . 

BOB . . −. . . . 

ABC . −. −. . −. . . 
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The above discussion shows that when selecting the high-frequency trading data to study the price impact
coefficient characteristics, the time interval impact has no significant effect on the trade volume and trading
price change. Combined with practical considerations, since market transaction information can be quickly
captured by market participants and used for future trading decisions, time intervals are not the primary
consideration for price impacts.

Further, we consider the impact of the bid-ask spread. The gap between the best bid and ask price level
represents the bid-ask spread, which have the same fluctuation behavior with transaction price change. As an
illustration, Figure 7 display the bid-ask spread curve and price change curve respectively, based on the
snapshots of Limit Order Book on 6 January 2014 of PingAn.

From Figure 7, we can simply see that bid-ask spread couldmagnify the price change through transaction.
Specifically, the bid-ask spread will affect the absolute value of price change, whether the price change is
positive or negative. So we add a sign, which is the same with price change, to bid-ask spread in order to
present the magnify influence in model.

Follow theaboveprocess,weobtain thep-valuesof the significance test ofPingAnbasedonmodel (3) and (4)
shown in Figure 8. Under the significance level of 5%, the regression coefficient of the bid-ask spread impact is
not significant inmodel (3), which shows that the explanation of the bid-ask spread impact is very small for trade
volume. For the above reason, we remove the bid-ask spread impact as the explanatory variable of trade volume.
While under the same significance level, the regression coefficient of the bid-ask spread impact is significant in
model (4), which confirm the relationship between bid-ask and price change we mentioned above.

Therefore, we remove transaction duration and bid-ask spread from model (3) and removing transaction
duration frommodel (4) to adjust the extendedHFVmodel. Similarly, we obtain the values of two types of price
impact. The extended HFVmodel has better explanation on the empirical data than HFVmodel, which means

Figure 6: Significance test for
the time interval impact
parameters for PingAn. The
upper figure shows the p-value
series for the parameter of the
time interval impact on the
trading volume based on
model (3), and the lower figure
shows that the p-value series
for the parameter of the time
interval impact on the trading
price change based on model
(4).

Figure 7: The left figure (bid-ask
spread curve) and the right
figure (price change curve)
based on the snapshots of
Limit Order Book on 6 January
2014 of PingAn.
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bid-ask spread is an effective factor to explain the trading price change. For the estimation of two types of price
impact coefficients, there is no significant difference between the two models in order of magnitude. Both
models reflect the statistical characteristics of the above discussion.

4 Conclusion

In this paper, we discuss the statistical characteristics of the daily permanent price impact and the daily
temporary price impact based on the extended HFV model. The main conclusions are as follows. (1) The
permanent price impact coefficients are positive, indicating that the permanent change in price due to the
transaction is the same as the trade volume sign. The temporary price impact can be positive or negative,
indicating that the temporary impact of the price due to the transaction is related to both the trade volume sign
and market liquidity. (2) All permanent price impact series and most temporary price impact series basically
show stationarity, indicating that the price impact has a stable statistical regularity. (3) Both the permanent
price impact series and the temporary price impact series have significant long-term memory, and there is no
significant difference between the two types of price impacts, indicating that these two types of price impact
coefficients have predictable characteristics. (4) There is a significant correlation between the permanent price
impact coefficients and a weak correlation in the temporary price impact coefficients, which indicates that the
permanent price impact generated by transactions will affect the price changes of other assets. However, the
temporary price impact of asset prices caused by transactions mainly affects the price change of their own
asset. (5) The time interval impacts of the tick-by-tick data on the trade volume and trading price changes is
insignificant, indicating that the timing of consecutive orders has a negligible impact on prices. (6) The bid-ask
spread is an effective factor to explain the trading price change.

The research in this paper is based on the HFVmodel. The core of the model is that the change in the asset
price is determined by the direction of the transaction volume and the new process of the transaction volume.
Essentially, the effect of changes in trade volume on the price change is linear. However,many studies confirm
that the impact of trade volume on price shocks is non-linear and the price shocks generated by trading are not
permanent or temporary but are elastic. Therefore, themodel has its limitations. Furthermore, becausewe only
conducted an empirical analysis of the price shocks of China’s Shanghai stockmarket, the conclusions that are
obtained have yet to be tested in other stock markets. This is also the future direction of our work.
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Figure 8: Significance test for the
bid-ask spread impact
parameters for PingAn. The upper
figureshows thep-valueseries for
the parameter of the bid-ask
spread impact on the trading
volume based on model (3), and
the lower figure shows that the
p-valueseries for theparameterof
the bid-ask spread impact on the
trading price change based on
model (4).
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