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The time-varying lead-lag relationship between index
futures and the cash index and its factors

Ru Xiao , Chaoqun Ma and Xianhua Mi

Business School, Hunan University, Changsha, China

ABSTRACT
This paper investigates the time-varying lead-lag relationship
between CSI 300 index futures and the cash index at intraday
and daily frequencies under different market conditions, which is
crucial in the price discovery research but rarely examined by the
literature. Using a new method that is based on dynamic time
warping and can capture the dynamic lead-lag relationship up to
the intraday level, we find that index futures tend to lead the
cash index by 0–5minutes but it occasionally lags the cash index,
and this relationship is variably affected by factors according to
market conditions. Specifically, at both of the intraday and daily
frequencies, the lead of index futures decreases with market vola-
tility and the relative intensity of trading activity of index futures.
The results also unveil the asymmetric effects of overnight infor-
mation from the cash market on the lead times of both index
futures and the cash index at a daily frequency. Moreover, the
synchronization of trading hours strengthened the link between
the two markets. These results have significant implications for
price discovery in these markets.
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1. Introduction

The lead-lag relationship between index futures and the cash index reflects the rela-
tive speed of incorporating new information in the two markets, and more import-
antly, its time-varying characteristics have significant implications for the dynamic
process of price discovery and risk management in an ever-changing market. A vast
amount of literature, discussed in greater detail in the next section, has investigated
the lead-lag relationship. However, far less clear are the time-varying characteristics
of the lead-lag relationship, especially under different market conditions. We aim to
fill this gap in the literature by estimating the dynamic lead-lag relationship with a
new measurement based on dynamic time warping (DTW) (Ma et al., 2022) and
investigating its time-varying characteristics by analysing the effects of possible
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market microstructure factors on this relationship under different market conditions
distinguished by perceptually important points (PIPs).

It will be of great value to examine this relationship in China for several reasons.
First, since introduced on April 2010, CSI 300 index futures have rapidly became one
of the most active futures contracts in the world. The CSI 300 index that consists of
major blue-chip stocks listed on the Shanghai and Shenzhen Stock Exchanges is gen-
erally considered as an indicator of the Chinese stock market. Using the past 11 years
of data on CSI 300 index futures and the underlying index, we are able to investigate
how the lead-lag relationship between the two markets and their price discovery per-
formance behaves under different market conditions.

Furthermore, the characteristics of the lead-lag relationship between Chinese cash and
index futures markets are quite different from other international markets in the following
respects. First, the Chinese stock market trades with a special mechanism called “Tþ 1”
that prohibits investors from selling shares bought on the current day until the next trad-
ing day (Qiao & Dam, 2020). Second, short-selling is severely restricted in the Chinese
stock market, and there are no other tools such as individual stock futures and options to
hedge the downward risks of specific stocks. Third, high barriers to trading the index
futures such as minimum account size requirements and other personal experience result
in very few individual investors participating in the index futures market.

In addition, there is no consensus on which market (i.e., the index futures market
or the cash market) leads (Judge & Reancharoen, 2014), especially in the context of
China (e.g., He et al., 2020; Wang et al., 2017). There is also little empirical evidence
about the characteristics of the intraday lead-lag structure and/or price discovery of
the two markets under different market conditions.

Overall, investigating this relationship in the Chinese markets could provide more
insights into price discovery and the design of the trading mechanism, which would
also provide a reference for other international markets.

Our paper extends the existing literature in two respects. First, we document a
dynamic lead-lag relationship at the intraday and daily frequency. This relationship
could be asymmetric at daily frequency. Second, we provide empirical evidence on
how the influences of market volatility and the relative intensity of trading activity at
the intraday and daily frequency as well as the influences of overnight information at
a daily frequency on the performance of price discovery among index futures and the
cash index markets vary/accord under different market conditions. In more detail,
our analysis leads to several noteworthy findings.

� Although CSI 300 index futures usually lead the cash index by 0–5minutes regard-
less of market conditions, it also occasionally lags the cash index. For example,
from 2010 to 2021, the index futures lead the cash index at a one-minute interval
in 80.90% of cases.

� The intraday lead-lag structure exhibits different patterns under different scenarios
and in different periods. For example, when the market is crashing, the index
futures lead the cash index to a greater extent and with a higher probability than
in other periods, suggesting that index futures play an important price discovery
role during this period.
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� At a daily interval, the lead time of index futures or the cash index decreases with
the relative volume of index futures, market volatility, and the synchronization of
trading hours, indicating a tighter correlation between the two markets.

� However, the overnight information, on the one hand, imposes different impacts
on the lead times of index futures and those of the cash index depending on mar-
ket conditions, e.g., positive overnight information would increase the lead time of
index futures in the Bull period but decrease it in the Rally period. On the other
hand, the overnight information also has “leverage” effects on their lead times,
e.g., the effect of positive overnight information on the lead times of the cash
index is much larger than those of negative overnight information in the
Bull period.

The remainder of the paper proceeds as follows. Section 2 reviews the literature on
the lead-lag relationship. Section 3 demonstrates how to estimate lead-lag times using
DTW and how to identify different periods using PIPs and sets forth our research
method. Section 4 describes the data used for our investigation, and Section 5 pro-
vides the empirical results. Section 6 concludes the paper.

2. Literature review

In perfectly efficient markets, new information is incorporated simultaneously and
completely by stock index futures and the underlying cash index, leading to a theoret-
ical synchronicity between them. However, in the real world, an empirical lead-lag
relationship between index futures and the cash index is observed due to the exist-
ence of frictions such as trading costs, nonsynchronous trading and barriers to short
selling (Chan, 1992). Because futures markets can assimilate new information more
quickly than cash markets due to their leverage, high intensity of trading activity, low
trading cost and easy access to short selling (Tse, 1999), they are always found to
lead cash markets or play a predominant role in price discovery in many inter-
national markets (e.g., Alemany et al., 2020; Chan, 1992; Kavussanos et al., 2008;
Wang et al., 2017), whereas there is evidence that the futures markets lag cash mar-
kets (e.g., Judge & Reancharoen, 2014; Ren et al., 2019; Y.-H. Yang & Shao, 2020 ).
Furthermore, in some countries, especially China, the empirical findings of the dom-
inant market for price discovery are mixed. For example, Wang et al. (2017) and
Miao et al. (2017) suggest that the index futures market dominates price discovery,
while J. Yang et al. (2012) and Zhou et al. (2021) argue that the cash market plays a
leading role in the price discovery process. Additionally, some of the studies men-
tioned above examine the time-varying characteristics of the lead-lag relationship
between index futures and the cash index.

Furthermore, various approaches including GARCH models (Zhong et al., 2004),
Granger causality analysis (T. Jiang et al., 2019), regression approaches (Chan, 1992),
wavelet analysis (In & Kim, 2006) and optimal thermal causal path (Wang et al.,
2017) have been adopted to examine the lead-lag relationship between the two mar-
kets, but few of them can estimate the exact lead-lag time at high frequency such as
at a one-minute interval. Accordingly, Ma et al. (2022) propose a nonparametric
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measurement of the lead-lag relationship between index futures and the cash index
based on DTW, which could capture the complex and dynamic local lead-lag struc-
ture, and this approach is used in our analysis.

A number of studies have investigated the factors that drive the different lead-lag
relationships between index futures and the cash index. Some argue that trading vol-
ume and turnover are critical determinants of the lead–lag relationship (e.g., Chung
et al., 2011; He et al., 2020 ), while others suggest that information or trading costs
could drive the lead–lag relationship by delaying the process of information incorpor-
ation (e.g., Fleming et al., 1996; Huang et al., 2021). Moreover, Chan (1992) provide
evidence that market-wide information could contribute to a greater degree of leading
by index futures. L. Jiang et al. (2001) find that lifting short-selling restrictions could
reduce leading role of index futures in the lead-lag relationship in Hong Kong. C.-B.
Lin et al. (2018) indicates that investor sentiment also has a significantly negative
impact on the short-run leading role of futures markets.

3. Methodology

3.1. Measures of lead-lag times

We estimate the lead-lag times using the method developed by Ma et al. (2022) based
on DTW. DTW is wildly used in analysing the similarity of time series data in vari-
ous areas (e.g., Myers et al., 1980; Tsinaslanidis & Kugiumtzis, 2014)and is extremely
efficient because it allows “elastic” transformation of time series (Senin, 2008). From
a dynamic programming process, DTW obtains a warping path that minimizes the
cumulative distance between the observations of two series. Accordingly,
Zoumpoulaki et al. (2015) apply this path to measure latency by mapping the obser-
vations of two series because DTW allows the researcher to quantify the changes in
latency across all the data points in a region rather than just one. Ito and Sakemoto
(2020) propose multinomial dynamic time warping (MDTW) to analyse the lead-lag
relationship between currency pairs using nonsynchronous and vast data. Recently,
Ma et al. (2022) utilize DTW to detect the lead-lag structure due to its advantages in
dealing with a complex and dynamic local lead-lag structure, which exactly corre-
sponds with our needs.

We then briefly introduce how to estimate the lead-lag structure with an approach
based on DTW. Given one-minute log-return series of the cash index X ¼
fx1, x2, . . . , xi, . . . , x239g and that of the index futures Y ¼ fy1, y2, . . . , yj, . . . , y239g in
a trading day, DTW first calculates the pairwise Euclidean distance di, j ¼ jxi�yjj and
then iteratively constructs the cumulative distance matrix D239�239 by Di, j ¼
minfDi�1, j�1,Di�1, j,Di, j�1g þ di, j with D1, 1 ¼ d1, 1 and D0, j ¼ Di, 0 ¼ þ1: The warp-
ing path P ¼ fp1, p2, . . . , pw, . . . , pkg starts from p1 ¼ ð1, 1Þ and ends at pk ¼
ð239, 239Þ: pw ¼ ði, jÞ denotes that rj and qi are matched, indicating they reflect the
same signal. Each movement on the warping path is limited to the right, up or diag-
onal with only one step.

We assume that yj is mapped with dþ 1 (d � 0) observation(s) of X denoted by
xiþh where h ¼ 0, . . . , d: The lead-lag times (in minutes) for yj can be defined by
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PLLj ¼ 1
dþ 1

Xd

h¼0

ðiþ h� jÞ, (1)

where iþ h and j are the ordinal number of minutes for xiþh and yj, respectively.
Notably, a positive (negative) PLLj indicates that Y leads (lags) X at observation j.

The daily average lead-lag time (in minutes) for Y is given by

DLLt ¼ 1
239

X239
j¼1

PLLj, t , (2)

where PLLj, t is defined by equation (1) for day t. Again, a positive (negative) DLLt
indicates that Y leads (lags) X on day t.

3.2. Identification of different market periods

To identify different market periods such as the Bull and Bear periods, we employ
PIPs, a time-series data mining tool, which is constructed to identify the significant
points that have the greatest influence on the shape of price time series (F. L. K.
Chung et al., 2001). Namely, PIPs are effective at identifying structural changes. Park
et al. (2010) argue that PIPs are superior to the SAX (J. Lin et al., 2003) in represent-
ing the movement shape of time series. In fact, PIPs are the inflection points of time
series. We could use them to identify market periods by detecting inflection points
and then distinguishing the periods visually.

The first and the last observations are the first two PIPs characterized by the algo-
rithm. The next PIP is the observation that has the maximum distance to the first
two PIPs. The fourth PIP is the observation with the greatest distance to its adjacent
PIPs that are either the first and second PIPs or the second and third PIPs. This pro-
cess stops when the required number of PIPs is found. In our analysis, we assume
there are seven PIPs in total.

Let F ¼ ff1, f2, . . . , fmg be the futures price time series of length m and two adja-
cent PIPs ft and ftþT : To simplify the algorithm, we only consider the Euclidean dis-
tance when calculating the distance for the intermediate point ftþi, for 1 � i � T�1 :

dtþi ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
i2 þ ðftþi�ftÞ2

q
þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðT�iÞ2 þ ðftþT�ft þ iÞ2

q
: (3)

Then the new PIP point is the one with the maximum distance dtþi:

3.3. Examination of factors

The factors that may affect the lead-lag relationship between the cash index and the
index futures are tested at two frequencies—daily and intraday. On the one hand, we
test the effects of intraday market trading activities such as index returns, volatility,
volume, and futures volume on the lead-lag relationship in a 30-minute interval. The
volatility in a 30-minute interval is the standard deviation of one-minute returns for
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the cash market. We first calculate the average lead-lag times of the index futures in
30-minute intervals using the estimated lead-lag times for each minute within each
day. We then calculate the average lead-lag times of different quintiles based on the
ranking of the variables of market trading activities, namely,index returns, volatility,
volume, and futures volume. Then we can test their impacts based on the differences
between (the average) lead-lag times of quintile 1 and quintile 5.

On the other hand, we further examine factors at a daily interval with ordinary
least squares (OLS) regression:

Leadlagt ¼ at þ b1VolumeRatiot þ b2Volatilityt þ b3Overnightt
þ b4jOvernighttj þ b5Syncht þ et , (4)

where � is the error term, and subscript t represents the period. The main variables
are as follows.

In this regression, Leadlag represents the lead-lag times of index futures to the
cash index when we assume the lead-lag relationship between the two markets is
symmetric or either the lead times of index futures or that of the cash index if we
assume that the lead-lag relationship is asymmetric.

VolumeRatio denotes the ratio of trading volume (RMB) for the index futures mar-
ket to that of the spot market in natural logarithm. It measures the relative trading
intensities in the two markets.

Volatility denotes the daily realized volatility (RV) of the cash market calculated by
5-minute returns in natural logarithm, which is proposed by Andersen and Bollerslev
(1998) as a measure of integrated variance and converges in probability to the quad-
ratic variation as the time intervals between observations become infinitely small
(Andersen et al., 2003).

Overnight denotes the overnight return (in percent) for the cash market calculated
as 100 times the difference between logarithmic opening price and logarithmic closing
price of the last day following Hendershott et al. (2020), and jOvernight— is the abso-
lute value of Overnight. By conjoint analysis of the coefficients (b3 and b4) of these
two variables, we can examine the asymmetric effects of positive and negative over-
night information and their “leverage effects”1 on the lead-lag relationship between
index futures and the cash index.

Synch is a dummy variable equal to one if the date is after January 1, 2016, denot-
ing whether the index futures market and the cash market are traded synchronously.
As reported in the relevant regulatory documents, the regular trading hours of the
Chinese index futures market were 9:15 am–11:30 am and 13:00 pm–15:15 pm, imply-
ing it opened (closed) 15minutes earlier (later) than the stock market. However, since
January 1, 2016, the trading hours of index futures market have been the same as
those of the stock market.

4. Data

The CSI 300 index (in short, the cash index) consists of the 300 largest firms listed
on the Shanghai and Shenzhen stock exchanges, constituting approximately three-
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fifths of total market capitalization of the two stock markets, and is generally consid-
ered a measure of the overall performance of China A-share market. CSI 300 index
futures (in short, the index futures), launched on April 16, 2010, is the first index
futures product in China.

The one-minute prices of the cash index and CSI 300 index futures from April 16,
2010, to May 31, 2021, are both obtained from the Wind Database. The continuous
price series of the stock index futures is constructed with the nearby contract, which
is usually the most heavily traded contract. The 5-minute, 30-minute and daily prices
are computed from the one-minute closing prices for the cash index. Since there
were extended trading hours for the index futures market compared to the cash mar-
ket before 2016, we drop the data covering extended trading hours for the index
futures market during this time. Thus, there are 240 one-minute observations of price
series of both the cash index and index futures each day. The log-return is calculated
by taking the first differences of the log-prices, and the lead-lag times for one-minute
log-return series are estimated separately for each day. Our sample ultimately con-
tains 239 one-minute returns of both the cash index and the index futures each day
and covers 2,703 days.

Panel A of Table 1 reports the summary statistics for the two returns and the esti-
mated results in one-minute intervals. The one-minute returns of index futures and
the cash index are �0.019 basis points (bps) and 0.040 bps on average, respectively.
The standard deviation of the futures is larger than that of the cash index, and their

Table 1. Summary statistics.
Mean SD Min Median Max

Panel A: One-minute variables
Futures lead-lag times 0.731 2.784 �34.000 0.500 35.000
Futures returns �0.019 8.565 251.532 0.000 301.722
Index returns 0.040 5.751 �132.125 �0.026 253.702
Panel B: 30-minute variables
Futures lead-lag times 0.679 2.714 �32.000 0.000 30.000
Index returns 0.011 0.428 �5.808 0.007 4.813
Index volatility 0.047 0.032 0.000 0.039 0.468
Futures volume 33.392 55.836 0.000 15.325 482.861
Index volume 18.765 19.576 0.000 12.427 243.058
Panel C: Daily variables
Futures lead times 1.978 1.134 0.804 1.716 16.002
Index lead times 2.199 1.787 0.750 1.636 19.915
VolumeRatio 2.503 2.950 0.027 0.717 16.159
Volatility 1.387 2.574 0.061 0.784 41.783
Overnight �0.075 0.670 �9.531 �0.034 8.207
—Overnight— 0.382 0.555 0.000 0.228 9.531
Synch 0.487 0.500 0.000 0.000 1.000

Notes: This table reports summary statistics for variables in one-minute, 30-minute and daily intervals for the CSI
300 index futures and the underlying index. Panel A reports summary statistics for s for the index futures, and loga-
rithmic returns (in percent) for the index futures and the underlying index in one-minute interval. Panel B reports
summary statistics of 30-minute variables, where index volatility is the standard deviation of one-minute returns in
30-minute interval for the cash market and volume is the RMB trading volume. Panel C reports summary statistics
for variables in daily interval. The futures or index lead times are the daily lead times when either of them is lead-
ing. VolumeRatio denotes the ratio of RMB trading volume for the index futures market to that of the spot market.
The Volatility denotes the daily realized volatility using one-minute returns. The overnight returns for the index
futures or the cash market is calculated by logarithmic opening price minus logarithmic closing price of last trading
day. The Synch is a dummy variable equal to one if the date is after January 1, 2016. Data spans from April 16,
2010 to May 31, 2021. One-minute returns are in base points, while 30-minute and daily returns are in percent.
Both lead-lag times and lead times are in minutes. Volatility is in percent. Volumes are in billion RMB.
Source: authors’ creation.
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large standard deviations imply that their returns are both volatile at intraday fre-
quency on average. Index futures lead the cash index by 0.731minutes on average at
a one-minute interval.

Summary statistics for variables in 30-minute intervals are reported at Panel B of
Table 1. Index futures lead the cash index by 0.679minutes on average at a 30-minute
interval. The average volume for index futures is larger than that for the cash index
because futures are traded with margin but not the value of the contract.

Panel C of Table 1 reports the summary statistics for the variables at daily fre-
quency. Index futures and the cash index, on average, lead to each other by 1.978
and 2.199minutes when they are leading, respectively. The trading volume for index
futures is approximately 2.5 times that for the cash index because index futures are
traded with margin on contract while the cash index is traded with the value of
shares. The average volatility for the cash market is 1.387%. The average overnight
return for the cash market is negative, which is consistent with prior findings
reported by Qiao and Dam (2020). On average, Synch equals to 0.487, indicating that
the number of days with asynchronous trading hours for the two markets is more
than the number of days with synchronous trading hours in our sample.

5. Empirical results

5.1. Statistic analysis of lead-lag times

We first obtain seven PIPs on the index futures throughout the full sample period
(Figure 1) and select four representative subsample periods: Bear (from April 16, 2010,
to May 20, 2014, and from January 24, 2018, to January 3, 2019), Bull (from January 3,
2019, to May 31, 2021, and from January 3, 2019, to May 31, 2021), Crash (from June
8, 2015, to August 26, 2015) and Rally (from May 20, 2014, to June 8, 2015).

To put things into perspective, we partition the lead-lag times of the index futures
into one-minute intervals after dropping those synchronous cases (i.e., PLL¼ 0) and

Figure 1. PIPs of the CSI 300 index futures.
Source: authors’ creation.
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calculate the proportions of each group for different periods (Table 2). Following the
definition of outliers in Wang et al. (2017), we find that most PLL values are between
�10 and 10. Therefore, we only show the PLL values between �10 and 10 in the
histogram.2 Throughout the sample period, the index futures lead the cash index by
less than 5minutes (0 � PLL � 5) for approximately 75.98% of the entire sample,
which is consistent with Wang et al. (2017).

The index futures lead the cash index (as shown in the last row of Table 2) most
of the time, while lead probabilities for index futures are less than that in Wang et al.
(2017). There are also a few cases (less than 20% of cases) in which the cash index
leads the index futures at a one-minute frequency. These results indicate that the
index futures market plays the primary role in the price discovery progress regardless
of the market conditions.

Consistent with Table 2, Figure 2 shows that the PLL exhibits similar patterns in
different periods, i.e., the index futures lead the cash index by less than 5minutes
most of the time. The index futures lag the cash index by less than 5minutes for
most of the lagging time.

5.2. At intraday frequency

5.2.1. Intraday lead-lag relationship under bad news or good news
To examine whether the lead-lag relationship exhibits different intraday patterns
under different scenarios, we calculate the average lead-lag times of the index futures
in 30-minute intervals using the lead-lag times for each minute estimated within each
day. Following Chan (1992), who argues that the 30-minute interval is proper because

Table 2. The proportion of estimated lead-lag times.
PLL Interval General Bear Bull Crash Rally

[-10, �9) 0.26% 0.21% 0.30% 0.29% 0.33%
[-9, �8) 0.34% 0.27% 0.40% 0.55% 0.31%
[-8, �7) 0.41% 0.35% 0.47% 0.64% 0.38%
[-7, �6) 0.54% 0.45% 0.63% 0.77% 0.52%
[-6, �5) 0.72% 0.59% 0.89% 0.96% 0.65%
[-5, �4) 1.01% 0.86% 1.22% 1.21% 0.84%
[-4, �3) 1.41% 1.20% 1.69% 1.36% 1.29%
[-3, �2) 2.11% 1.90% 2.42% 1.76% 1.95%
[-2, �1) 3.34% 2.91% 3.92% 2.22% 3.39%
[-1, 0) 8.00% 7.01% 9.62% 4.01% 7.42%
(0, 1] 42.04% 40.95% 43.75% 42.16% 40.75%
(1, 2] 18.60% 19.62% 17.07% 22.11% 18.84%
(2, 3] 8.83% 10.09% 7.26% 7.77% 9.22%
(3, 4] 4.30% 5.05% 3.31% 3.04% 4.94%
(4, 5] 2.21% 2.56% 1.75% 1.27% 2.51%
(5, 6] 1.33% 1.43% 1.15% 0.89% 1.57%
(6, 7] 0.88% 0.90% 0.77% 0.91% 1.18%
(7, 8] 0.66% 0.64% 0.63% 0.58% 0.90%
(8, 9] 0.47% 0.49% 0.40% 0.68% 0.54%
(9, 10] 0.36% 0.37% 0.34% 0.53% 0.40%
PLL> 0 80.90% 83.32% 77.47% 84.50% 81.98%

Notes: This table shows the proportion of lead-lag times (i.e., PLL) between CSI 300 index futures and the underlying
index in the entire sample period (i.e., the General), and four subsample periods including the Bear (from April 16,
2010 through May 20, 2014 and from January 24, 2018 through January 3, 2019), the Bull (from August 26, 2015
through January 24, 2018 and from January 3, 2019 through May 31, 2021), the Crash (from June 8, 2015 through
August 26, 2015) and the Rally (from May 20, 2014 to June 8, 2015).
Source: authors’ creation.
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it not only allows the information effect to influence the lead-lag relationship of some
observations but also can avoid many different bits of information, we choose
30minutes as the appropriate interval length for analysing the intraday dynamics of
the lead-lag relationship.

We first examine whether the lead-lag relationship between the cash index and
index futures differs under good news and bad news by stratifying 30-minute inter-
vals into five quintiles based on the ranking of the cash index returns (Chan, 1992).
The return in each 30-minute interval is calculated by the opening price for the first
minute and the closing price for the last minute of that interval. Quintile 1 is the
group of intervals with the lowest returns of the cash index, implying that there is
bad news in the market. Quintile 5 is the group of intervals with the highest returns
of the cash index, implying that there is good news in the market. As the returns of
the cash index and the index futures are highly correlated and news about individual

Figure 2. Histogram of intraday lead-lag times of logarithmic return of CSI 300 index futures in dif-
ferent subsample period.
This figure displays the histogram of intraday lead-lag times (i.e., PLL) of logarithmic return of CSI 300 index futures
for four subsamples including the Bear (from April 16, 2010 through May 20, 2014 and from January 24, 2018 through
January 3, 2019), the Bull (from August 26, 2015 through January 24, 2018 and from January 3, 2019 through May
31, 2021), the Crash (from June 8, 2015 through August 26, 2015) and the Rally (from May 20, 2014 to June 8, 2015).
The histogram only includes the PLL between -10minutes to 10minutes without PLL equal to 0.
Source: authors’ creation.
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stock mainly influences the price of that stock and the cash index, we only consider
different news about the stock market.

The average lead-lag times in 30-minute intervals of the index futures for different
quintiles are calculated and reported in Table 3. The index futures lead the cash index
across all return quintiles and all periods but especially in the Crash period, when the
market is characterized by volatility. Thus, the index futures tend to assimilate informa-
tion more quickly and play a more important role in the price discovery process when
market is volatile and experiencing a crash. However, in Bull periods, the lead of index
futures is less than that in other periods, implying a more contemporaneous relation-
ship between the two markets. The last row (H-L) of Table 3 shows that there are no
significant differences in lead-lag relations under good news and under bad news.

5.2.2. Intraday lead-lag relationship under different market volatilities
We next examine whether the lead-lag relationship between index futures and the
cash index differes under different market volatilities. Since the CSI 300 index con-
sists of the most liquid and largest stocks of China’s A-share stock market, its volatil-
ity can be a direct proxy for the volatility of the market. The 30-minute intervals are
stratified into five quintiles based on the ranking of the volatility of the cash index
return in that interval. The volatility in each 30-minute interval is measured as the
standard deviation of logarithmic returns for every minute of that interval. Quintile 1
is the group of intervals with the lowest volatility of the cash index return, while
quintile 5 is the group of intervals with the highest volatility of the cash index return.

Table 4 reports the lead-lag relationship under different volatilities of the cash
market. It is clear that index futures lead the cash index across almost all volatility
quintiles and all periods except during periods of extreme market volatility (i.e., quin-
tile 5 of the Crash period). Moreover, the lead of index futures significantly decreases

Table 3. The lead-lag relationship under bad news and good news.
Quintiles General Bear Bull Crash Rally

1(L) 0.69��� 0.85��� 0.42��� 1.86��� 0.75���
[16.23] [13.94] [7.75] [3.14] [5.59]

2 0.74��� 0.83��� 0.53��� 0.81 0.93���
[18.16] [12.40] [9.57] [1.52] [7.23]

3 0.66��� 0.88��� 0.51��� 1.34��� 0.80���
[16.20] [15.07] [8.10] [3.72] [5.35]

4 0.68��� 0.78��� 0.53��� 0.78� 0.74���
[16.05] [11.82] [8.69] [1.95] [5.53]

5(H) 0.64��� 0.78��� 0.38��� 1.69��� 0.72���
[15.66] [12.56] [6.93] [3.97] [6.04]

H-L �0.06 �0.07 �0.04 �0.17 �0.03
[-0.94] [-0.80] [-0.52] [-0.24] [-0.18]

Notes: This table reports the lead-lag relationship between CSI 300 index futures and the cash index under the dif-
ferent returns of the cash index. The 30-minute intervals are stratified into five quintiles based on the ranking of the
cash index returns of that interval. Quintile 1 is the group of intervals with the lowest returns of the cash index,
while quintile 5 is the group of intervals with the highest returns of the cash index. Five sample periods–the entire
sample period (i.e., the General), the Bear (from April 16, 2010 through May 20, 2014 and from January 24, 2018
through January 3, 2019), the Bull (from August 26, 2015 through January 24, 2018 and from January 3, 2019
through May 31, 2021), the Crash (from June 8, 2015 through August 26, 2015) and the Rally (from May 20, 2014 to
June 8, 2015)–are examined in this table. H-L denotes the difference of lead-lag times between quintile 5 and quin-
tile 1. �, ��, and ��� denote the statistical significance at the 10%, 5%, and 1% level, respectively. Two-sided t-sta-
tistics are given in square brackets.
Source: authors’ creation.
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with volatility as shown in the last row of Table 4 for almost all periods except the
Bear period, which conflicts with Chen et al. (2016) who find that S&P 500 index
futures contribute to the price discovery progress more than the ETF in the high-
volatility sub-period. This could be resulted by the difference between the Chinese
and U.S. index futures markets. As we know, investors have to meet high require-
ments to trade index futures in China such as of minimum account size requirements
(at least 500,000 RMB) and other personal experience, while it is easier and cheaper
to trade index futures in the U.S. Therefore, the price discovery performance of index
futures under a high-volatility scenario is better in the U.S. than in China.

5.2.3. Intraday lead-lag relationship under different intensities of trading activity
Additionally, we examine whether the lead-lag relationship is different under different
intensities of trading activity, which is proxied by the sum of trading volumes for
every minute of that interval. The 30-minute intervals are first stratified into five
quintiles based on the ranking of the trading volume of the cash index in that inter-
val. Quintile 1 is the group of intervals with the lowest trading volume of the cash
index, while quintile 5 is the group of intervals with the highest trading volume of
the cash index. Then, within each group, intervals are further divided into five sub-
groups based on the ranking of the trading volume of index futures in that interval.
Therefore, each 30-minute interval is allocated to one of the 25 subgroups for
each period.

Table 5 shows the index futures results for groups with low and high trading vol-
umes of index futures and the cash index in China, which are not consistent with
results obtained for the U.S. (Chan, 1992). In general, an increasing intensity of trad-
ing activity in the cash market significantly negatively influences the lead time of
index futures when the futures market is inactive, while a different intensity of trad-
ing activity in the cash market does not affect the lead-lag time of index futures

Table 4. The lead-lag relationship under different market volatility.
Quintiles General Bear Bull Crash Rally

1(L) 0.77��� 0.86��� 0.66��� 2.07��� 1.10���
[16.84] [12.51] [8.97] [3.71] [6.93]

2 0.73��� 0.88��� 0.60��� 1.79��� 0.81���
[17.18] [14.46] [9.75] [3.13] [5.73]

3 0.71��� 0.91��� 0.42��� 1.25�� 0.79���
[17.89] [14.30] [8.23] [2.58] [7.03]

4 0.62��� 0.75��� 0.35��� 1.09�� 0.69���
[16.24] [12.04] [6.89] [2.60] [5.40]

5(H) 0.57��� 0.72��� 0.34��� 0.28 0.56���
[14.23] [12.27] 7.13] [1.28] [4.57]

H-L �0.20��� �0.15 �0.32��� �1.78��� �0.54���
[�3.33] [�1.63] [�3.70] [�2.98] [�2.75]

Notes: This table reports the lead-lag relationship between CSI 300 index futures and the cash index under the dif-
ferent volatility of the cash index return. The 30-minute intervals are stratified into five quintiles based on the rank-
ing of the volatility of the cash index return of that interval. Quintile 1 is the group of intervals with the lowest
volatility of the cash index return, while quintile 5 is the group of intervals with the highest volatility of the cash
index return. Five sample periods–the entire sample period (i.e., the General), the Bear (from April 16, 2010 through
May 20, 2014 and from January 24, 2018 through January 3, 2019), the Bull (from August 26, 2015 through January
24, 2018 and from January 3, 2019 through May 31, 2021), the Crash (from June 8, 2015 through August 26, 2015)
and the Rally (from May 20, 2014 to June 8, 2015)–are examined in this table. �, ��, and ��� denote the statistical
significance at the 10%, 5%, and 1% level, respectively. Two-sided t-statistics are given in square brackets.
Source: authors’ creation.
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when the index futures market is active. Therefore, an increasing trading volume will
significantly improve the price discovery performance of the cash market when the
futures market is illiquid. However, this effect does not exist when the futures market
is liquid. Furthermore, an increasing intensity of trading activity in the futures market
has a significantly positive impact on the lead time of index futures when the cash
market is active but the opposite impact when the cash market is inactive, indicating
its different impacts on price discovery process in cash markets with different inten-
sities of trading activity.

We further analyse that relation in different subsample periods. When the intensity
of trading activity in the cash market is low and that of index futures increases, the
lead time of index futures decreases in the Bear and Bull periods, while there is no sig-
nificant change in the Crash and Rally periods. However, when the intensity of trading
activity in the cash market is high and that of index futures increases, the lead of index
futures decreases in the Bull period but increases in the Bear period. Therefore, the
influence of the intensity of index futures trading activity on the lead of index futures
depends on the intensity of cash trading activity and market conditions.

There are no significant differences in lead-lag times for index futures between
active or inactive trading of index futures in the Crash and Rally periods. In addition,
the lead of index futures decreases with cash trading activity when the index futures
market is actively traded in the Bull and Rally periods but does not significantly
change in other periods, suggesting that cash trading activity has a significant nega-
tive influence on the leading degree of index futures in a market featuring an upward
trend when the index futures market is actively traded. In the Bear period, when the
index futures market is inactive, the lead time of index futures also decreases with
cash trading activity.

Moreover, we find that the lead of index futures will decrease when both the trad-
ing activity of index futures and the cash index increase in the General and Bull peri-
ods, indicating that simultaneously increased trading activity in the two markets will
make these two markets more synchronous regardless of the price trend in the mar-
ket. In the Crash period, the lead times of index futures are not significant for quin-
tile 1 or quintile 5.

5.3. At daily frequency

5.3.1. Symmetric relationship
We first assume that the lead-lag relationship between index futures and the cash index
is symmetric, i.e., the lead for index futures is the lag for the cash index, and then esti-
mate the effects of microstructural factors on the daily lead-lag times of index futures
using OLS according to equation (4). The results are reported in Table 6. Throughout
the sample period, the volume ratio has a significantly negative effect on the lead of
index futures, indicating that increasing in the relative intensity of the trading activity
of the index futures market tends to impede the lead of this market. Like the volume
ratio, market volatility also significantly negatively affects the lead of index futures,
consistent with our previous findings in 5.2.2. The negative slope of Overnight (with a
t-statistic of �5.85) implies that negative overnight information would increase the

1562 R. XIAO ET AL.



lead of index futures, while positive overnight information would decrease the lead of
the index futures. This suggests that negative overnight information is helpful for the
price discovery of index futures, while positive overnight information has the opposite
effect. In general, there are no leverage effects of overnight information because of the
insignificant coefficient of jOvernightj in the second column in Table 6. The synchron-
ization of trading hours improved the correlation between the two markets, especially
in the Bear period.

Moreover, in the Bear and the Bull periods, the volume ratio affects the lead of
index futures in a similar way as in the General period. Market volatility has a signifi-
cant negative influence on the lead of index futures in the Bull and Rally periods,
while its effects in the Bear and Rally periods are not significant. In the Bear period,
negative overnight information has a smaller (and negative) impact on the lead of
index futures than positive overnight information. In the Bull period, however, nega-
tive overnight information has a positive impact on the lead of index futures,
although the scale of the (negative) impact of positive overnight information is still
larger than that of the negative overnight information. In contrast to the Bear period,
both positive and negative overnight information significantly positively affect the
lead of index futures in the Crash and Rally periods. As the futures will lead the cash
index to a greater degree with market-wide information (Chan, 1992), and informa-
tion on a specific stock is first incorporated into the price of that stock and then
reflected in the price of the cash index, we argue that information on specific stocks
might be the main type of information overnight during the Bear periods, while the
market-wide information might be the main type of information overnight during
the Crash and Rally periods. This rationale is also in line with the event-dominated

Table 6. Regressions of Factors on the daily lead-lag times of the index futures.
General Bear Bull Crash Rally

Intercept 1.090��� 1.505��� 0.351�� 1.879� 1.000���
[22.03] [14.44] [2.01] [1.70] [3.32]

VolumeRatio �0.109��� �0.309��� �0.195��� �0.612 �0.136
[�4.25] [�5.06] [�4.64] [�1.06] [�0.70]

Volatility �0.104��� 0.009 �0.073� 0.284 �0.216���
[�3.30] [0.13] [�1.75] [0.85] [�2.89]

Overnight �0.236��� �0.140� �0.225��� �0.417��� �0.168
[�5.85] [�1.79] [�3.93] [�3.05] [�1.41]

—Overnight— 0.035 �0.223�� �0.119��� 0.501��� 0.310��
[0.68] [�2.10] [�1.63] [2.72] [2.04]

Synch �0.865��� �1.480��� �0.165
[�10.10] [�7.18] [�1.10]

Num. Obs. 2,702 1,218 1,173 57 259
R2 6.06 5.08 4.71 34.19 5.78

Notes: This table reports the factors of daily lead-lag times between CSI 300 index futures and the cash markets.
The dependent variable is the lead time for the index futures, and specifically, it is positive if the index futures lead
the cash index while negative if index futures lag the cash index. VolumeRatio denotes the ratio of trading volume
for the index futures market to that of the cash market in natural logarithm. Volatility denotes the realized volatility
of the cash market. Overnight denotes the of overnight return (in percent) for the cash market, and —Overnight—
is the absolute value of that return. Synch is a dummy variable equal to one if the date is after January 1, 2016.
Five sample periods–the entire sample period (i.e., the General), the Bear (from April 16, 2010 through May 20, 2014
and from January 24, 2018 through January 3, 2019), the Bull (from August 26, 2015 through January 24, 2018 and
from January 3, 2019 through May 31, 2021), the Crash (from June 8, 2015 through August 26, 2015) and the Rally
(from May 20, 2014 to June 8, 2015)–are examined in this table. �, ��, and ��� denote the statistical significance at
the 10%, 5%, and 1% level, respectively. Two-sided t-statistics are given in square brackets. R2 is in percent.
Source: authors’ creation.
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situations suggested by Sifat et al. (2021). Furthermore, there are positive leverage
effects of overnight information during the Crash and the Rally periods, while there
are negative leverage effects during the Bear and the Bull periods. These results indi-
cate that the absence of short selling in the cash market impedes the price discovery
when negative information arrives.

5.3.2. Asymmetric relationship
Next, we separate PLL by sign (i.e., PLL> 0 or PLL< 0) and then use the average
PLL if PLL> 0 as the index futures’ lead time and the average – PLL if PLL< 0 as
the cash index’s lead time. In other words, the lead-lag relationship between index
futures and the cash index is assumed to be asymmetric at a daily interval, and this
separation helps us examine how the factors affect the lead times of the two markets
when either of them is leading. Table 7 reports the results of the estimation of how
the leadership of index futures and of the cash index are affected by factors in differ-
ent periods.

Compared to the unseparated results (Table 6), in general, the signs of slopes of
factors of the lead time of index futures are unchanged. The volume ratio signifi-
cantly negatively affects the leadership of index futures and the cash index. However,
the effect of market volatility on the lead time of cash index is not as significant as
that on the lead time of index futures.

Overnight information tends to positively affect the leadership of index futures
and that of the cash index on average, and the scale of effects of the two kinds of
information seems to be the opposite for index futures and the cash index.
Specifically, one piece of positive information would increase the lead time of index
futures by 0.064minutes and that of the cash index by 0.384minutes, while one piece
of negative information would increase the lead time of index futures by
0.386minutes and that of the cash index by 0.086minutes. Remarkably, the Chinese
stock market trades with Tþ 1 (i.e., one cannot sell stocks just bought until the next
trading day) and prohibits short selling, which makes it assimilate information (espe-
cially negative information) much more slowly than the index futures market.
Therefore, negative overnight information would allow the index futures market to
better play the price discovery role, while positive overnight information (especially
that of individual stocks) would affect the cash market in the same way.

In addition, with the synchronization of the trading hours of the two markets,
both the lead time of index futures and the cash index decrease significantly across
all periods, suggesting that the synchronization of trading hours made the two mar-
kets more tightly correlated with each other regardless of market conditions.

However, the influences of the factors differ across different subsamples. For
example, the volume ratio only affects the lead time of index futures but not that of
the cash index in the Crash period, while it does not affect the lead time of index
futures or the cash index in the Rally period.

Additionally, with more overnight information, the lead time of the cash index
tends to increase in the Bull and Bear periods, while the lead time of index futures
tends to significantly increase especially in the Crash and Bull periods. However, in
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the Rally period, positive overnight information would slightly decrease the lead time
of index futures.

6. Conclusion

In this paper, we provide an analysis of the time-varying lead-lag relationship
between index futures and the cash index and its factors under different market con-
ditions. Our analysis implies that the index futures market tends to assimilate new
information faster than the cash market does because index futures usually lead the
cash index by 0–5minutes in China. Furthermore, the lead of index futures changes
dynamically and could exhibit entirely opposite patterns under different market con-
ditions. For example, when the market is crashing, the index futures lead the cash
index to a greater extent and with a higher probability than in other periods. In add-
ition, we find that market volatility has a significantly negative effect on the the lead
of index futures, and the synchronization of trading hours has strengthened the link
between the two markets.

The effects of factors on the relationship in China are not always similar to those
in the developed markets such as the U.S. On the one hand, similar to results of
Chan (1992), who investigates this relationship in the U.S., we do not find compelling
evidence that good or bad news has a significant effect on the lead of index futures
in China. On the other hand, the relative intensity of trading activity in index futures
and cash markets does negatively affect the lead of index futures in China, which is
not the case in the U.S.

We also provide evidence that overnight information has a leverage effect on the
price discovery process. If the lead-lag relationship between index futures and the
cash index is assumed to be symmetric at daily frequency, there is a positive leverage
effect of overnight information across all subsample periods in China, implying that
the absence of short selling in the cash market impedes the assimilation of negative
information. If it is not assumed to be symmetric, there is significant positive leverage
when the market is volatile and negative leverage when the market is relatively stable.
In addition, consistent with Sifat et al. (2021), who suggest that traders may response
more quickly to certain stocks in event-dominated situations, we argue that the main
overnight information during the Bear period might be for specific stocks, while dur-
ing the Crash and Rally periods, market-wide information is the principal component
of information overnight.

The factors of the lead-lag relationship considered in our analysis are limited to
aspects of market microstructure. Furthermore, forecasting models for this relation-
ship have yet to be constructed. We leave these considerations to future research. It
would also be interesting to find other time-varying patterns of the lead-lag relation-
ship at high frequency or construct related hedging strategy (especially for high-fre-
quency trading) while considering those factors.
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Notes

1. As introduced by Figlewski and Wang (2000), “leverage effects” refer to the relationship
whereby volatility increases with negative stock returns. We define the positive (negative)
leverage effects of overnight information on the lead-lag relationship as the lead increases
(decreases) with negative overnight information.

2. Specifically, PLL values outside of the interval -10 to 10 account for 1.44%, 1.50%, 1.19%,
5.15% and 1.45% of total observations in the General, Bear, Bull, Crash and Rally periods,
respectively. In other words, about 95% observations in the Crash period and more than
98% observations in other periods are included in the interval from -10 to 10.
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