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Order Book Price Impact in the Chinese Soybean Futures Market

Abstract
We study the price impact of order flow in the world’s largest soybean meal futures markets. Our intraday
results indicate that incoming orders can be used to explain price changes and to significantly predict future
price changes. Our results are shown to be robust to various order flow measures, price aggregation
approaches and data frequencies. We compare various order flow measures; finding that Order Flow
Imbalance (OFI) is a more all-encompassing measure carrying greater information about price change
relative to both Trade Imbalance (TI) and volume. Moreover, while both OFI and TI are shown to predict

future price changes, this predictability diminishes over longer measure and price change frequency horizons.

JEL: G12, G13, G15
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1. Introduction

This study investigates the impact of order flow information on Chinese soybean meal
futures prices. Chinese soybean meal futures are of great importance for a number of
reasons. First, China is the largest soybean meal futures market in the world according to
the Futures Industry Association (FIA) (Acworth, 2014; 2015). Second, soybean meal
futures are the largest agricultural futures market in China, in terms of trading volume.
Finally, they were the first agricultural product when futures trading started in China in
1993. Trading operates in an electronic market, whereby demand and supply of the futures
contracts are represented by limit orders posted in the book, with trades occurring when
buy or sell orders match (Obizhaeva & Wang, 2013). Given this market structure, much
information to be incorporated into the market price will be posted in that order book.
Therefore, effectively gleaning information from the flow of orders is of great importance
in order to understand the price formation process. In this paper, we aim to identify the

most informative order flow measure.

Price impact refers to the correlation between an incoming order (to buy or to sell)
and the subsequent price change (Bouchaud, 2010). Simply put, it is how a buy trade
pushes the price upwards and how a sell trade pushes the price downwards. This price
impact may bring with it some unintended consequences, with the second buy trade
possibly costing more due to the impact of the first buy trade. As outlined in Guéant (2015),
the first trade may even lead to such an inflated cost having to be incurred to place the
second trade, that the proceeding transaction may fail. Therefore, monitoring and
controlling price impact is an important consideration for investors especially for those

with trading large volumes or those employing sequential trading strategies.



There are relatively few prior order flow studies of Chinese markets, with Shenoy and
Zhang (2007), He et al. (2014), Narayan et al. (2015), Wang et al. (2016) and Lao et al.
(2017), being notable exceptions. While Shenoy and Zhang (2007), Narayan et al. (2015)
and Lao et al. (2017) find a positive contemporaneous relation between daily trade
imbalance and price change in Chinese stock markets, the agricultural futures focus of He
et al. (2014) and Wang et al. (2016) is more closely aligned to our study. He et al. (2014)
study Chinese agricultural futures markets, discovering a strong and positive
contemporaneous relation between price and volume for six agricultural futures contracts
including soybean meal. Wang et al. (2016) on the other hand do not find a significant
relation between lagged order book imbalance and agricultural futures price changes. The
lack of consensus between contemporaneous and future price impact motivates our study,
as we seek to provide evidence of the link between the order book and price change.
Furthermore, our paper differentiates itself by using a unique intraday data set of the most
actively traded futures contract, as well as carrying out a more in-depth study through the
use of a greater number of sophisticated order flow measures, the relation between them,

and both contemporaneous and future price impact.

We compare the explanatory power of the below three order flow measures on price
impact. Firstly, the Order Flow Imbalance (OFI) measure, as derived by Cont et al. (2014).
They calculate OFI as the difference between supply and demand; represented by the best
bid and ask volumes in the order book. This imbalance is in turn used to study price impact,
finding that both the sign and magnitude of OFI is positively correlated with price change
for NYSE stocks. Despite this measure being a relatively recent innovation, it has
previously been adopted to study the effect of order flow across markets. Hyun et al. (2016)

is one such example, finding that OFI is positively related to price changes for the KOSPI



200 futures contract. In our paper, we provide additional empirical evidence of OFI’s

usefulness, in the context of the unique Chinese soybean meal futures market.

The second measure used in our study is trade imbalance (T1), as proposed by Chordia
and Subrahmanyam (2004).! They define the difference between buyer-initiated and
seller-initiated trading volumes as the trade imbalance. They find that both the sign and
magnitude of T1 are positively correlated with price change for NY SE stocks. This measure
is widely used in empirical studies of price impact (Chordia et al. 2008; Kaniel et al. 2008;

Bailey et al. 2009; Chang and Shie 2011; Huang 2011; and Rastoqi et al. 2013).

The third measure of order flow we consider is trading volume. Since the seminal
paper of Crouch (1970), a large number of price impact studies focus on the relation
between trading volume and price change. Crouch (1970) finds a positive correlation
between trading volume and absolute price change for both the Dow Jones index and
NYSE stocks. Since then a large body of theoretical and empirical studies find a positive
correlation between price and volume (Clark 1973; Copeland 1976; Epps and Epps 1976;
Tauchen and Pitts 1983; Kyle 1985; Harris and Gurel 1986; Admati and Pfleiderer 1988;
Harris and Raviv 1993; Ho et al. 1993; Shalen 1993; Gurgul et al. 2005; Huang et al. 2012;

and He et al. 2014).

Our analysis shows that all three measures of order flow are able to explain some
degree of price change. We sample the data every 10 seconds, and utilise 15 minutes as a
trading interval. We find that 97.87% of order flow imbalance coefficients across all of the
15-minute trading intervals are statistically significant. The outcome is similar if we use

trade imbalance (93.56%) or trading volume (80.04%) as alternate measures of order flow.

! Chordia and Subrahmanyam (2004) use the term “order imbalance” instead of “trade imbalance”. We relabel it
as trade imbalance to make a clearer distinction from Cont et al.’s (2014) order flow imbalance.
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We further verify our results by specifying a full trading day as the trading interval and
sample the order flow and price impact every minute. The coefficients are significant in
97.58%, 91.48%, and 97.67% of trading intervals, respectively. Furthermore, when we
compare the explanatory power among order flow imbalance, trade imbalance, and trading
volume, we find that order flow imbalance subsumes information gleaned from both the

trading volume and trade imbalance.

Other than OFI, TI and volume, market depth is another key variable when assessing
the order book. Knez and Ready (1996) and Hasbrouck and Seppi (2001) conclude that
market depth is able to explain price impact with Farmer et al. (2004) and Weber and
Rosenow (2006) finding that low depth is associated with large price changes. Cont et al.
(2014) derive an implied order book depth which is half of the reciprocal of the OFI price
impact coefficient in their stylized model. However, they find that the implied order book
depth is in fact only a rough proxy of market depth. We also compare the implied market
depth with price impact and find that implied depth is lower than half of the reciprocal of
the OFI price impact coefficient. This means that in Chinese soybean meal markets price

is more resilient to incoming orders than indicated by market depth.

Besides using information from order flow to explain contemporaneous price impact,
we also study the predictive power of order flow for future price change. Prior studies for
other markets document that order flow is able to predict future returns (Chordia et al.,
2002, Berkman and Lee, 2002, Chordia and Subrahmanyam, 2004, Lee et al., 2004,
Shenoy and Zhang, 2007, and Narayan et al. 2015). Our finding is that for Chinese soybean
meal futures order flow information is able to predict future return, but that the lifespan of
this predictive power is short. We find that prior 10-second order flow information is able

to predict price change up to 90 seconds in the future. These results are consistent with



Narayan et al. (2015), with trade imbalance being used to predict Chinese stock returns
from one to 90 minutes ahead. Furthermore, we discover that the higher the level of trading
activity by a liquidity provider, the higher the contemporaneous price impact and the
shorter the lifespan of order flow impact on future price change. These results have

important implications for both academic and market practitioners, alike.

In summary, this paper contributes to the literature in several aspects. First, distinct
from most previous studies which focus on stock markets, we provide new evidence of
order flow price impact in commodity futures markets. This serves as an out-of-sample
test of existing findings and theories. Second, we identify the most informative order flow
measure by taking advantage of our novel high frequency data set and comprehensively
studying order flow price impact in the Chinese soybean meal futures market. Third, the
agricultural futures market in China has become more and more important to the world in
recent years. Furthermore, soybean meal futures is the largest and most important market,
with our study contributing to a better understanding of order flow price impact, not only

in this important market particularly, but also more generally in emerging markets.

The rest of the paper is organized as follows. We highlight the importance of the
soybean meal futures market in China and the data used in the study in Section 2. Section
3 is devoted to the empirical methodology including a brief outline of the stylized model

in Cont et al. (2014). We present our main findings in Section 4, with Section 5 concluding.

2. Data Description and Institutional Features

2.1 Soybean meal market in China

We now introduce the Chinese soybean meal market before describing the data used in our

study. The Dalian Commodity Exchange (DCE) was first established on February 28, 1993.



However, no contracts were listed until November 18, 1993. Soybean meal became the
first batch of standardized futures contracts traded on the exchange. Following the merger
of China's futures exchanges, all contract listings were suspended or removed from DCE.
Soybean meal was the first product to be re-listed with DCE, with trading reinstated on
July 17, 2000. As one of the most actively traded futures contracts in the Chinese market,

soybean meal futures are of great interest to both market participants and academic readers.

According to the FIA rankings (Acworth, 2014; 2015) presented in Table Al, the
trading volume of Chinese soybean meal futures constitutes the largest soybean meal
futures market in the world and is also ranked as second among all agricultural futures and
options contracts in 2014. In 2015, trading volume of soybean meal futures increased by
41.2% as it became the largest agricultural futures contract. Furthermore, seven out of ten
of the world’s most active agricultural futures were traded in China in 2015. Therefore,
understanding the agricultural futures market in China is an important topic in a global
context. This is particularly true for the soybean meal contract, as it is not only the largest
agriculture contract traded in China but also the first futures contract traded after the
Chinese government revamped the original futures market (CSRC, 2009). Therefore,

Chinese soybean meal futures command a very prominent position in a global context.

According to the development report by Shanghai Futures Exchange (Yang and Xu,
2016), only 3% of market participants were institutional investors during 2008-2014, with
the remaining 97% being individual investors. Furthermore, institutional investors
accounted for less than 10% of trading volume during 2008-2014. Therefore, we can see
that the Chinese soybean meal market is dominated by individual investors. In addition,
the turnover rate (ratio of trading volume to open interest) of individual investors in the

Chinese futures market is much higher than the turnover rate of institutional investors. For



instance, the average turnover rate of individual investors is five times that of institutional
investors. This is an indication that Chinese futures markets positions are driven

predominantly by speculative individual investors.

2.2 Data and sample selection

Our data set for soybean meal contracts contains snapshot tick records at an interval of one
every quarter second. It includes time, price, trading volume, open interest, bid volume,
ask volume, average bid price, average ask price, market depth, and order queue. The data
excludes the call auction periods before market open and after market close. The trading
hours for the contracts are 9:00-11:30 and 13:30-15:00, Monday to Friday. There is
however, a short 15 minutes break in trading from 10:15 to 10:30 every day. The sample
period for the soybean meal data is June 2, 2008 to June 28, 2013, totalling 1,105 trading

days.

There are eight futures contracts traded on the soybean meal futures market at any
one time, with each contract maturing in a different month. The months of contract
maturity are January, March, May, July, August, September, November and December.
There are two common methods for constructing the required single time series of price
data from contracts of different maturities. The first method is to splice near-to-maturity
contracts conditional on liquidity to represent the price series. This method is outlined in
Booth et al. (1999) and is based on the rationale that the expiring contracts have more
information contained in their price. It is employed in recent empirical research such as
Covrig et al. (2004), Shastri et al. (2008), Cabrera et al. (2009) and Chen et al. (2010). The
second commonly employed method utilizes only recently issued or on-the-run contracts

instead of expiring contracts. Fricke et al. (2011) present this “auto scroll” process that



uses on-the-run contracts with the highest trading volume to combine prices of multiple

contracts into a single price series.

Trading in Chinese soybean meal futures is unusual in that it is concentrated in only
three contracts that mature in January, May, and September. The contracts with maturity
in these three months contribute to approximately 99% of the trading volume. This
phenomenon is primarily due to the seasonality of agricultural products. In China,
September is the last month before the autumn harvest, and January is the main time to sell
agricultural products before the Chinese New Year. However, despite May being of no
great significance to agricultural production, it is the middle contract between January and
September, so investors focus on it to fill leftover market demand. This focused trading
activity creates a distinctive seasonality characteristic. While the contracts of Chinese
soybean meal futures are dominated by January, May and September contracts, these three
contracts do not have a fixed active period of trading before the next contract takes over.
Therefore, to construct our single price series, we adopt the “auto scroll” process outlined

above, conditional on trading volume for each of these three dominated contracts.

2.3 Determine the sampling interval

We sample the price and order flow information at fixed time intervals to construct a
continuous time-series of these variables. We firstly, follow Cont et al. (2014) in using 10-
second frequency data to construct each 15-minute subsample. However, we also use
alternative continuous times-series with different intervals to serve as robustness checks

for data frequency sensitivity.

When selecting alternative time intervals, we jointly consider allowing both enough

information to arrive to the market and also using a short enough time interval to maintain
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a large sample size. Therefore, we analyse our data with time intervals of 10-second, 20-
second, 30-second, 1-minute, 2-minute, 3-minute, 5S-minute, 10-minute, 15-minute and 20-
minute as shown in Table 1. We use trading volume to compute non-trading probabilities

within these intervals.

[Insert Table 1 Around Here]

Based on the above table, we find that all intervals look reasonable, with the non-
trading probability of the 10-second interval being only 1.52%, and less than 1% for all
others. Based on this, we specify 1-minute to compute the price change and OF]I as it is the
most granular frequency with a non-trading probability of less than 0.5%. Alongside this,

we employ daily subsamples to estimate our OLS regressions.

2.4 Variable constructions

2.4.1 A stylized model of the order book

Before we introduce the variables used in our study, we first summarize the model
proposed by Cont et al. (2014), in terms of how they construct OFI. In an order driven
market, the order book is altered through three different actions or events, namely, market
order (M), limit order (L) and order cancellation (C). Due to the relatively recent
advancement of reliable database technology, these three events are now accurately
recorded. If we assume that limit order arrivals and cancellations only occur at the best
bid/ask, the depth (quantity available) at each price level for both bid and ask is constant
and equal to D. For this reason the mid-price change can only be influenced by the three

events identified above (M, L, C) and the market depth (D):
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where AP? is the price change on the bid side, & is the difference between each limit
order price level, LP and C? are bid side limit orders and cancellations, respectively, M
is the market order on the ask side, D is market depth. LP? — C? — M5 represents the net
order flow change on the bid side. When the net order flow change reaches D, it means all
bid side quantity is executed using the best bid price, with the second-best limit order price

becoming the new best bid price, and so on.

Similarly, for the ask side, the price change can be defined as:

§(L° — €S —MP)

5 ()

APS = —

Therefore, the mid-price change can be shown as the average of price change on the

bid and ask sides:

S(IP —cb-M®) 1 §(UL°—-CS—MP)

D 2 D ©

AP—l
2

For simplicity Cont et al. (2014) normalize the mid-price by the difference between

b
each limit order price level P = £ ZJ;PS, therefore, the mid-price change can be rewritten
as:
OFI
P=—>, 4
P (4)
OFI =1’ —CP —MS—L5+CS+ MV . (5)

In our study, the data set comprises four times a second snapshot tick records. Unlike
transaction data, the data we use does not include each order book event. Therefore, we
use the method of Cont et al. (2014) on the change of limit order price and quantity at the

best bid and ask, to identify order flow imbalance.
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2.4.2 Order flow imbalance

The limit order book only includes four variables, the bid price P2, the size of the bid
queue g%, the ask price P4, and the size of the ask queue g“. The bid side represents the
demand for the contract with the ask price and size representing the supply of the contract.
P53 is the price investors are willing to pay for a contract and g is the number of
contracts they are willing to buy. While the ask price and size represent the supply side of
the contract. Using time ordered variables (P2, q2,P4,q4), we can compare two time

points n and n-1, with only one of the following events occurring:

PE > PB | or g > gB_, meansan increase in demand. As P2 is the best (highest) bid
price, P2 > P2, means investors are willing to buy the contract at a higher price than
before. Meanwhile, if PZ remains the same, and g2 > gZ_,, it means investors are
willing to buy a greater number of contracts. Likewise, BZ < P2 | or q8 < qB_, means

a decrease in demand.?

Therefore, the change on the bid side in a given period can be defined as:

AB: H{P} = P7_1}qn — {P} < P7_1}an_, , (6)

with the change on the ask side represented as:

AA: I{P,fl < Pnf—ﬁq;? - I{PnA = P;f 1}61;?—1 . (7)

2 On the other hand, P# < P#_, or gf < g4, means an increase in supply. As P4 is the best (lowest)
ask price, PA < P/, means investors are willing to sell the contract at a lower price than before.
Meanwhile, if P4 remains the same and g < g4_,, it means investors are willing to sell a greater number
of contracts. Likewise, P4 > P2 | or q# > g2_, means a decrease in supply.
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Utilising the above notation, the contribution of the n' event, e,,, can be represented

using the following formula:

en = (I{Pr? = P5—1}Q5 - I{PnB < Pﬁ—ﬂqﬁ—ﬂ

(8)
— (I{R{ < PiLi}qh — I{R{ = Pii}qh-1),
and the order flow imbalance over the time interval [tx.1, t] can be defined as:
N(tk)
OFI = Z en . (9)

2.4.3 Market depth

In the above stylized model, price changes based only on OFI and market depth. Market
depth is assumed constant, however in practice, market depth at each price level for both
bid and ask is not constant. Therefore, a closer approximation of actual market depth can

be achieved by averaging the bid/ask quantity right before or right after a price change:®

D;

1|2t e (@B I1PE < pE_i} + b1 I{pE > pE_.})

N(T})
2 ZHZN(Ti_l)‘l'l I{p‘ﬁ 2 pTB;,—l} (10)

N(T;
N ZniNzTi_l)H(Q#l{Pé > pr‘?—1} + %‘3—11{?# < Pﬁl—ﬁ)

N(T})
ZTI:N(Ti_l)'l'l I{pé * p‘){l,l—l}

2.4.4 Trade imbalance

3 In this paper, we specify time periods 7; and T, to differ by 15 minutes, when tx and t«. differ by 10
seconds, and time periods T; and Ti.; to differ by a day, when tx and tx.; differ by 1 minute.
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Besides OFI, there is another popular way to assess Order Imbalance, namely Chordia and
Subrahmanyam (2004)’s supply and demand measure. Their approach is based on the
method of Lee and Ready (1991) in that they infer trade direction using buyer-initiated
market orders minus seller-initiated market orders. They define the relative number of
buyer-initiated and seller-initiated trades in the market as order imbalance, also known as

trade imbalance (TI):

N(ty) N(tg) N(tg)
le = Z bn - Z Sn = z En )] (11)

E, = (I{PT > P} ,}vOL, — {BT < P} }3VOL,)
+ (I{(P] = PRL) U (B > Pi_1)}VOLy, (12)
—I{(Py = PpL) U (B < Pq-1)}VOLy) ,
where b,, isthe number of buy-initiated trades at the nth-quote, s, isthe number of sell-

initiated trade at the nth-quote, PT is transaction price, PM is mid-price.

2.4.5 Trading volume

There are a number of studies that focus on the relation between trading volume and price

change. We use total trading volume that includes both buy side and sell side volumes.

N(tk) N(tg)
VoL, = Z b, + Z Sn » (13)

where b,, is the number of buy-initiated trades at the n' quote and s,, is the number of

sell-initiated trades at the n'" quote.

2.5 Summary statistics
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After defining the variables used in our paper, we present the descriptive statistics of the

order book and main variables in Table 2.

[Insert Table 2 Around Here]

Panel A of Table 2 presents summary statistics of the order book which include
average price, daily trading volume, price change of best bid (ask) price, average bid (ask)
depth and average spread. From this table, we find that the average price is CNY 3,162.37,
with daily trading volume standing at 998,376.92. The average absolute price change of
both the best bid and best ask is 1.08. This finding is consistent with the stylized model
outlined in Section 2.4.1, that the difference between both bid and ask is constant for each
price level, with both of them approximatively equal to the minimum price fluctuation of
1. The average bid depth is 411.89 and average ask depth is 418.30. These two numbers
being broadly similar is also consistent with the above stylized model, which assumes that
depth for both bid and ask is constant. We hypothesise that the main reason the soybean
meal market is conforming to the above stylised models is because of the high liquidity

levels it demonstrates as the largest agricultural futures contract in the Chinese market.

Panel B of Table 2 presents the summary statistics and distribution of main variables
used in the analysis. The means and median of the mid-price and transaction price changes
are zero for the 10-second interval, indicating that the mid-price and transaction price
remain mostly unchanged during the short interval. The means and median of OFI and Tl
are around zero but they have large variation. The summary statistics for the longer 15-
minute interval have larger variation compared to those of the 10-second interval. This is
not surprising as we expect price change, order flow imbalance, and trade imbalance to be

larger when measured over a longer interval.
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In order to compare order flow imbalance, trade imbalance, and price change, we

normalize these variables and plot them on the same diagram.

[Insert Figure 1 Around Here]

Figure 1 compares the average 15-minute absolute mid-price change AP, Order Flow
Imbalance (OFI), and Trade Imbalance (TI) for Chinese soybean meal futures. From this,
we can observe, that these three variables at a 15-minute frequency show a similar U-shape,
in that they increase during the opening time period and subsequently decrease, finally

reversing this trend near market close.

We also compare price change |4P|, absolute Order Flow Imbalance |OFI|, absolute
Trade Imbalance |T1| and trading volume for Chinese Soybean Meal futures. We observe
in Figure 2 that these four variables at a 15-minute frequency show a similar U-shape, in
that they increase during the market opening period, subsequently decrease and finally

reverse as the market closes.

[Insert Figure 2 Around Here]

These figures indicate that all three incoming orders exhibit an intraday shape

consistent with price change.

3. Methodology

3.1 Relation between OFI and price change

The stylized model presented in Section 2 is able to explain the relation between OFI and

price change in the economic sense. However, the above assumptions may not be valid in
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reality, for instance, the market depth may not be constant. Therefore, we use the following

regression model to empirically test the relation between OFI and price change:

AP=ai+ﬁi 0F1k+ek ’ (14)

where {3 is the price impact coefficient.
3.2 Relation between price impact coefficient and market depth

Furthermore, based on the stylized model of Cont et al. (2014) that the price impact

coefficient is inversely related to market depth, the implied order book depth can be

defined as i, where B is the price impact coefficient of OFI from Eq. (14). In our study,

we analyse the relation between the OFI price impact coefficient and market depth in the

Chinese soybean meal market:

¢ 15
ﬁi=ﬁ+vi' (15)

i

where ¢ and A are constants, and v; is a noise term. D is the market depth. If the implied

order book depth is indeed % then c = % and A =1.

3.3 Comparison of order flow imbalance and trade imbalance

Trade imbalance as proposed by Chordia and Subrahmanyam (2004) is an alternative to
order flow imbalance. While Cont et al.’s (2014) OFI captures the changing of ex-ante

order flow, Chordia and Subrahmanyam’s (2004) TI measures the realised trade imbalance.

In order to compare and contrast the explanatory power of order flow imbalance (OFI)

and trade imbalance (TI), we use the following three regressions:
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AP=ai+,Bi 0F1k+6k , (16&)
AP = o + Bi le + €k , (16b)

AP = o; + Bi,l OFIk + Bi,Z le + € . (16C)

3.4 Comparison of traded volume and order flow imbalance

Many of the early studies on price impact (e.g., Karpoff, 1987) focus on the relation
between trading volume and price change. Cont et al. (2014), in contrast study the relation
between volume and price volatility, finding an exponential relation between volume and
price magnitude. To compare the explanatory power of OFI and volume, we take the
absolute values of the price change and OFI because these values are signed while volume

is unsigned. Subsequently, we run the following regressions.

IAP' =Qa; + ﬁi |0F1k| + Gk , (173.)
|AP| = a; + BVOL + €, (17b)
|AP| = a; + ;1 |OFI | + BiVOLI + € . (17¢)

3.5 Future price impact

In most price impact studies, the predictability of order imbalance for future price change
has received the greatest levels of attention (Chordia et al. 2002; Berkman and Lee 2002;
Chordia and Subrahmanyam 2004; Lee et al. 2004; Shenoy and Zhang 2007; Cont et al.
2014; Narayan et al. 2015; and Hyun et al. 2016). We extend prior studies on the predictive
power of order flow by establishing the lifespan of order flow predictive power for future

price change.
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To this end, we use the following three first order lagged regressions:

AP = q; + Bilag(OFI) + € , (18a)
AP = a; + Bilag(TIy) + € , (18b)
AP = o4 + By ;1 lag(OFIy) + Bi, lag(TIy) + € - (18c¢c)

If we establish that OFI is useful in forecasting future price change, we can then use

the following regression to study how long it affects price change for:

AP = a; + B; lagy,r.(OFIy) + € , (19)
where pre is the pre-specified lag order of OFI; between 1 and 12. As we specify 10-
second price changes and incoming orders each lag is 10 seconds apart. Finally, we also
use Granger causality between any two of OF1, TI and price change to find which measure

leads the others.

4. Empirical Findings

4.1 Price impact

[Insert Table 3 Around Here]

In this section, we first investigate the relation between price change and OFI with Table
3 reporting the regression results. Panel A relates mid-price change and OFI. We find that
both 15-minute and 1-day specifications provide strong evidence that OFI can be used to
explain price change with an average significant B coefficient of 0.002 using both intraday
and daily frequencies. Furthermore, the last three columns show the percentage of
subsamples where the coefficients were deemed to be significant, finding over 97% of

significant OFI coefficients in both cases.* The findings indicate that OFI has a strong

4 The percentage of significance coefficient is calculated as the number of regressions that produce significant
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explanatory power for price changes with OFI being positively correlated with price
change. This result is consistent with both Cont et al. (2014) and Hyun et al. (2016).
Furthermore, we also use transaction prices to verify Cont et al. (2014)’s claim that their
adoption makes no material difference. The results are shown in the Panel B regression,

with the results being qualitatively similar to the use of mid-price.

We pose the question; do past price changes influence current price change? In order to
answer this, we use the Akaike's information criterion (AIC) test to determine the number
of lagged dependent variables to be included. We run the regression for every long interval
(either 15-minute or 1-day), with AIC suggesting an optimal number of lags for each long
period. Instead of incorporating a different number of lags into each model, we adopt a
fixed number of lags across all regression models. In the 15-minute long interval regression,
AIC indicates the inclusion of one lag for most models, followed by zero and two lags.
Therefore, we include one lag of the dependent variable and re-examine the relation
between price change and OFI. The results of these models that include one lag of price
change are shown in Panel C and D of Table 3. The results are qualitatively similar to that
of our baseline, with the OFI coefficient becoming even more significant after including
lag price change in the model. We have also conducted the analysis using two lagged

dependent variables, and the result remains unchanged.

4.2 Relation between price impact and market depth

coefficients at the 10% level, divided by the total number of models. For example, there are 16,417 15-minute
long intervals in our sample and we produce 16,417 regressions. 16,068 of the OFI coefficients () are
significantly different from zero at the 10% level, therefore, the percentage of significance is 97.87%.
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In this section, we empirically test the stylized model of Cont et al. (2014), who propose

i, where B is the OFI price impact

that implied order book depth can be defined as 2

coefficient. If the implied order book depth is indeed i then ¢ = % and L =1in Eq. (15).

[Insert Table 4 Around Here]

Table 4 reports the relation between the OFI price impact coefficient calculated in
Section 4.1 and market depth. We have 16,417 and 1,105 estimates of B under 15-minute
and 1-day time horizons, respectively. We find, using the mid-price results that the
exponent number, A is equal to 0.827 (0.885) and that the coefficient c is equal to 0.161
(0.215) using 15-minute (daily) frequency. The significant coefficients A and ¢ imply that
the impact coefficient is inversely proportional to market depth, with similar results being
observed using transaction prices. As the results do not directly confirm the Cont et al.
(2014) stylized values, the inference is that Chinese soybean meal futures prices are more

resilient to incoming orders than indicated by market depth alone.
4.3 Comparison of order flow imbalance and trade imbalance

As opposed to using OFI in isolation we now employ another measure, Tl, to define order

book imbalance.
[Insert Table 5 Around Here]

Table 5 presents a comparison of OFI and TI with Panel A showing the results
calculated using mid-price. Having previously established that OFI has significant positive
price impact, we now find that TI is also significantly positively related to
contemporaneous price change. Comparing OFI and TI, we find that OFI is more

informative in explaining price changes, with only 93.56% (91.48%) of 5-minute (1-day)
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subsamples deemed to be significant for Tl versus over 97% for OFI. Furthermore, when
both OFI and TI are included in the regression model at a 15-minute (1-day) time horizon,
only the OFI variable retains strong explanatory power with 93.84% (91.93%) of the
subsample’s OFI coefficients passing the t-test versus only 31.41% (22.33%) of the
subsample’s T coefficients passing. The t-statistics of TI also reduce sharply when OFI is
included, but the significance level of OFI remains similar to the simple regression model.
These results are obtained using transaction price but are consistent with those of mid-
price.> These results highlight that OFI is superior to T, which is consistent with Cont et
al. (2014) who argue that high-frequency price changes are mainly driven by imbalances
between supply and demand at the best bid and ask prices (i.e. Order Flow Imbalance).
However, we should not ignore TI since it captures a different aspect of information from

high-frequency transactions.

Although both OFI and TI are used to measure order imbalance, OFI is derived from
changes in the limit order book, whereas, Tl is derived from trading volume. In an order
driven market such as for Chinese soybean futures, limit orders, market orders and
cancellations all impact the order book, and hence OFI. However, trading volume is only
affected by market orders. Therefore, for this reason, OFI is a more all-encompassing
measure relative to TI, which we believe drives the superior empirical results observed

here.

4.4 Comparison of traded volume and order flow imbalance

5 We also performed regressions with one lag of the dependent variable, as in the case of Panels C and D of Table
3, and the results remained unchanged.
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The original price impact studies focus on the relation between trading volume and price
change (Crouch, 1970). Therefore, in order to further understand the properties of OFI, we

also compare the explanatory power of OFI and trading volume.

[Insert Table 6 Around Here]

Panel A of Table 6 shows the results obtained using the absolute mid-price change.
We find that in 36.59% of instances, OFI can be used to explain absolute price change
under the 15-minute time horizon, with 34.17% of instances at a daily frequency. The
explanatory power of absolute OFI is insignificant, due to most of its information being
eliminated by taking the absolute value of the measure. However, 80.04% (97.67%) of
instances of trading volume pass the t-test under the 15-minute (1-day) frequency.
Simultaneously, using these two variables, OFI and trading volume, in a multiple
regression framework, the explanatory power of trading volume decreases dramatically,
with only 18.83% and 17.50% of the trading volume coefficients being statistically
significant under 15-minute and 1-day frequencies, respectively. As indicated by the above
results, we infer that these two variables are related to each other in that they explain
similar price change dynamics. However, trading volume only incorporates information

on trade magnitude, with OFI containing information on both direction and magnitude.

4.5 Forecasting prices with order imbalance

Table 7 shows regression results of how well current order book imbalance can predict

subsequent price changes.

[Insert Table 7 Around Here]
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Firstly, using mid-price change in Panel A, we find that 29.69% (27.00%) of first
order lagged 15-minute (1-day) horizon OFI coefficients are said to be statistically
significant. Therefore, we infer that a one period lagged measure of OFI possesses
significant explanatory power. Alternatively, 26.69% (19.82%) of lagged TI coefficients
are found to be significant at a 15-minute (1-day) frequency. From this we derive that both
lag OFI and TI are useful in predicting future price changes. To test for sensitivity to the
type of price aggregation process used we confirm the above results using transaction data,

as shown in Panel B.

Specifying a multiple regression comprised of both lagged TI and lagged OFI
explanatory variables, the percentage of significant subsample coefficients for lagged OFI
decreases to 22.00% (21.08%) under a 15-minute (1-day) time horizon. Significant lagged
Tl coefficients drop to 20.28% and 14.80%, at 15-minute and 1-day time horizons,
respectively. Meanwhile, the Newey-West t-statistic produced from the sample of 1105
lagged TI estimated coefficients under the hypothesis of a non-zero beta stands at -0.97,
and is therefore not significant. Although lagged OFI in the multiple regression setup
passes the t-test under a one-day time horizon, the explanatory power (based on absolute
t-stat) is much lower than under the 15-minute time horizon. Therefore, we suppose that
the longer the interval to calculate incoming order, the lower the levels of predictability
for both OFI and TI. Using transaction data in Panel B leads to qualitatively similar results.
Although both lagged OFI and TI pass the t-test, the explanatory power is still much lower

for the 1-day horizon than the 15-minute horizon, which is a similar result to the above.

In comparison with Table 5, we find that the coefficients of lagged OFI and lagged
TI are much lower than the coefficients obtained using contemporaneous OFI and TI.

Although the coefficients of lagged OFI and lagged Tl are close to 0, we find using the
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Newey-West t-test that both the sign of lagged OFI and TI coefficients are positive when
we use 10-second price changes and incoming orders but negative when we use a 1-minute
time horizon. These results bring with them two main questions: Does order flow

positively or negatively affect the price? For how long does order flow affect the price?

In order to answer these questions, we run a series of regressions; specifying each lag
as 10 seconds and testing 1% to 12 order lagged OFI variables sequentially. Table 8 shows

the lifecycle of the order flow price impact:

[Insert Table 8 Around Here]

In this table, using mid-price, the impact from all lags between the 1*' and 9" (except
the 3™ lag) are significant, with the first two lags positively impacting the price change,
and negative price impacts observed beyond the 4" lag. Furthermore, when using
transaction price, the duration and direction of order flow price impact is almost identical
with the first two lags positively impacting price change, and lags beyond the 3™ order
having a negative relation with price change. Therefore, from the above table, we conclude
that 10-second OFT impacts price change up to 90 seconds into the future, with it positively
impacting price change during the first 20 seconds and adjusting impact direction after 30
seconds. As there is not consistent significance after the 9™ lag, our inference is that order
flow has a temporary price impact, with OFI representing temporary supply and demand

inequality in Chinese soybean markets.

In addition, we also divide the above table into several subsamples grouped on a

yearly basis as shown in Table 9.

[Insert Table 9 Around Here]

26



From Table 9, we find the period of time for which 10-second OFI impacts price
change in 2008 and 2010 is shorter than in other years. Meanwhile, the contemporaneous
price impact coefficient in these two years is higher than in others. This means that during
these two years (especially in 2008) there was a higher temporary price impact but that it
took less time to adjust this temporary supply and demand inequality. We observe that
order flow imbalance in these two years are the lowest amongst all sample years. We
suspect it is partly due to the global financial crisis. Another explanation is based on the
Shanghai Futures Exchange report (Yang & Xu, 2016), which states that the ratio of
individual to institutional investors’ turnover in these two years is much higher than in
other years. As individual investors in financial markets are typically assumed to provide
liquidity, we infer that the above phenomenon is primarily due to the high level of trading

activity by the aforementioned liquidity providers during these two years.

4.6 Granger causality between order flow and price change

In this section, we use the Granger causality between any two of, OFI, Tl and price
change.® Table 10 shows the results of the tests. We calculate the Granger causality results
for each day, and report the average result in the table. We use the label “Success” for the

percentage of total samples that exhibit significant Granger causality at the 10% level.

[Insert Table 10 Around Here]

From this table, we find that using 10-second frequency the success of OFI Granger

causing price change is much higher than price change Granger causing OFI for both mid

® The Granger causality test is used to determine whether a time series is useful in forecasting another. If
predictions of an evolving variable Y based on its own past values and the past values of another evolving variable
X are better than predictions of Y based only on its own past values, it is said that variable X Granger-causes
variable Y. When time series X Granger-causes time series Y, the patterns in X are approximately repeated in Y
after some time lag, or more simply X leads Y.
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and transaction prices. Meanwhile, the success of Tl Granger causing price change is also
stronger than price change Granger causing TI. Therefore, we infer that order imbalance,
as measured by both OFI and TI, leads price change. The above results are consistent with
results from prior studies (Brown et al., 1997; Hyun et al., 2016) who found that order
book imbalance moves faster than returns. Furthermore, we also test Granger causality

between OFI and TI directly, showing that OFI leads TI.

In addition, we study Granger causality using the 1-minute data horizon. The results
uncovered are similar but weaker than those in the 10-second study, especially the
causality observed between Tl and price change, where it does not indicate that Tl leads
price change. This is perhaps due to information from past order imbalance already being

incorporated into price due to the increased time horizon.

5. Conclusion

As one of the most actively traded agricultural futures contracts in the world, the soybean
meal contract in China has become increasingly important. In this study, we first utilize
OFI, avariable derived by Cont et al. (2014) that incorporates the size of order book events,
to investigate the relation between order book events and the price of Chinese soybean
meal futures contracts. We show that OFI has strong power in explaining
contemporaneous price changes, and that the impact coefficient is inversely proportional
to market depth. Furthermore, we also document that the price is more resilient to incoming
orders than indicated by market depth in soybean meal market. In addition, we demonstrate
that OFI is a more all-encompassing measure relative to Tl and trading volume, with TI
and trading volume carrying very little information about price changes in comparison to
order flow imbalance. Furthermore, we find that OFI captures the transitory mismatch of

supply and demand and that our adopted order flow measures are able to effectively extract
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and exploit that information to forecast subsequent price changes. In summary, we find
that the predictive power of OFI is stronger than those of TI, so we recommend its adoption

when studying the order book of soybean meal futures.

Overall, this study provides comprehensive evidence of the relation between order flow
and price impact in the Chinese soybean meal markets, equipping us with a greater
understanding of the efficiency of the market and its price formation process. The new
evidence is important in its own right, in terms of understanding agricultural futures
markets in China, but also in contributing to our understanding of emerging markets more
generally. Moreover, the findings serve as an out-of-sample test of existing findings and
theories of order flow price impact. Our findings will better inform the decisions of policy
makers, regulators, and practitioners, and may lead to improved market information

efficiency.
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Table 1
Trading Frequency

This table reports Chinese soybean meal trading frequencies. Each trading day is divided into multiple fixed time intervals. The
first column is the time interval and it ranges from 10 seconds to 20 minutes. The second column presents the volume based non-
trading probability in the Chinese soybean meal futures. The sample period is from June 2008 to June 2013.

Interval Non-Trading Probability (%)
10-second 1.52%
20-second 0.72%
30-second 0.52%

1-minute 0.37%
2-minute 0.32%
3-minute 0.30%
5-minute 0.29%
10-minute 0.24%
15-minute 0.22%
20-minute 0.20%
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Table 2
Summary Statistics

Panel A presents summary statistics for the limit order book of the Chinese soybean meal futures contract. All values are
calculated from the filtered data outlined in Section 2. Panel B presents the summary statistics (mean, standard deviation,
top and bottom five percentiles, quartiles and median) of the main variables constructed and used in the analysis. 4Py is
the mid-price or transaction-price change over period k. OFI is order flow imbalance, Tl is trade imbalance, and VOL"
is trading volume adjust by H, where H comes from log|APw=log(wi)+Hilog(VOLk)+og(sk). k denotes the short time
interval; k can be 10 seconds or 1 minute. The sample period is June 2008 to June 2013.

Panel A: Limit order books

Variable Mean

Price 3,162.37
Daily trading volume 998,376.92
Average price change of best bid 1.08
Average price change of best ask 1.08
Average bid depth 411.89
Average ask depth 418.30
Average spread 1.02
Maximum spread 38

Panel B: Main variables

Variable

k =10 sec N Mean Std P5 P25 Median P75 P95
APy (Mid-Price) 1,467,720 0.000 1.721 -1.000 0.000 0.000  0.000 1.000
APy (Transaction-Price) 1,467,720 0.000 1.796 -1.000 0.000 0.000 0.000 1.000
OFly 1,467,718 1.206 632.264 -863 -137 0.000 136 873
Tl 1,466,093 -3.711 995.412 -978 -140 0.000 130 964
voLH 1,462,811 7.400 93.020 0.948 1.035 1.625 3.009 15571
k=1 min

APy (Mid-Price) 248,060 -0.002 4.239 -3.000 -1.000 0.000 1.000 3.000
APy (Transaction-Price) 248,060 -0.002 4.307 -3.000 -1.000 0.000 1.000 3.000
OFIk 248,060 7.028 1,882 -2,743 -573 -1.000 564 2,778
Tl 247,995 -23.173 2,983 -3,5652 -714 -6.000 666 3,492
voLH 248,059 3,708 662,574 2780 7.934 21.035 56.941 257.534
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Table 3

Relation between Price Change and Order Flow Imbalance
This table reports the result of a regression between price change and order flow imbalance:
APy =ai+BiOF lkt+ex
where k is the short interval and 4Py are the price changes during time period k. In panel A, price change is calculated by mid-price. In panel B, price change is
calculated using transaction price. OFI is the contemporaneous order flow imbalance, i denotes the long intervals, and we assume that the price impact coefficient
is constant over each i. When i is equal to 15 minutes and 1 day, we have 16,417 and 1,105 subsamples, respectively. Panels C and D repeat the analyses with control
of one lag of dependent variable. All columns present the average across these subsamples. The t-statistics are computed using Newey-West standard errors. The
aggregated testing columns report the percentage of samples where the coefficient passes the test at a 10% significance level.

Panel A: Mid-Price

AP=0i+BiOF I +ex Average Results Aggregated testing
k i a t(ar) B1 t(B1) R? a#0 B£0
10 sec 15 min -0.002 (-1.12)  0.002 (51.73)*** 0.4648 2.75% 97.87%
1 min 1 day -0.026 (-1.20)  0.002 (17.06)*** 0.4767 4.57% 97.58%

Panel B: Transaction Price

AP =0i+BiOF ek Average Results Aggregated testing
k i a t(a) B1 t(B1) R? 00 B£0
10 sec 15 min -0.002 (-1.19) 0.001 (56.35)*** 0.2606 1.00% 94.00%
1 min 1 day -0.027 (-1.22) 0.002 (17.62)*** 0.4516 4.66% 97.31%

Panel C: Mid-Price with Lag

AP=0i+BiOF L +cilag(APy)+ex Average Results Aggregated testing
k i a t(o) B1 t(B1) C1 t(c1) R? o0 B£0 c£0
10 sec 15 min 0.001 (1.88)*  0.002 (52.21)*** -0.137 (-133.11)*** 51.65% 2.81% 98.64% 59.95%
1 min 1 day -0.001 (-0.39)  0.002 (17.15)*** -0.063 (-28.01)*** 71.48% 8.17% 100.00% 55.21%

Panel D: Transaction Price with Lag

AP=0i+BiOFl+cilag(APy)+ex Average Results Aggregated testing
k i a t(a) B1 t(B1) C1 t(cy) R? a#0 B0 c#0
10 sec 15 min 0.000 (1.48) 0.001 (58.59)*** 0.043 (32.12)*** 29.15% 0.49% 95.15% 23.03%
1 min 1 day -0.001 (-0.28) 0.002 (17.72)*** -0.067 (-27.64)*** 65.04% 4.94% 99.82% 54.13%

36



Table 4

Relation between Price Impact and Market Depth

This table reports the relation between the price impact coefficient and market depth:

logP=a-AMogAD+ex
B=o+c/ADM g

Where f; is the price impact coefficient for the i-th subsample and AD; is the average market depth for that subsample. When i is equal to 15 minutes and 1 day,
we have 16,417 and 1,105 estimates of B, respectively. The second regression uses estimates A which are obtained from the first regression. The #-statistics are
computed using Newey-West standard errors.

Panel A: Mid-Price

logB=0-AlogAD+ex

B=o-+c/ADM e

k i a t(ar) A t(}) R? a t(ar) c t(c) R?
10 sec 15 min -1.872 (-36.76)*** 0.827 (99.01)***  49.16% 0.000 (0.16) 0.161 (45.20)***  46.96%
1 min 1 day 1509 (726)%%*  0.885  (26.02)***  8370% | 0.000 (0.84) 0215 (14.50)%%*  59.12%

Panel B: Transaction Price
logf=a-AMogAD+ex B=o-+c/ADM e

k i a t(ar) A t(}) R? o t(a) c t(c) R?
10 sec 15min | -2.049  (-35.40)*** 0814 (85.35)*** 5339% | 0.000 (1.75)* 0.133  (41.96)***  41.58%
| min | day 1,509 (21.73)FFF 0.885  (75.42)***  83.70% | 0.000 (9.91)***  0.164  (40.12)***  59.12%
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Table 5
Comparison of Order Flow Imbalance and Trade Imbalance

This table reports regression results relating order flow imbalance and trade imbalance to price change:

APy =ai+BiOF ltex
AP =aitBiT ek
AP =aitBiOFLABi T litex

Where k is the short time interval and 4Py is the mid-price change over period k. OFI s the contemporaneous order flow imbalance, Tl is the contemporaneous trade imbalance, i denotes the
long time interval, and we assume that the price impact coefficient  is constant over each i. When i is equal to 15-minute and 1 day, we have 16,417 and 1,105 subsamples, respectively. All
columns present the average across these subsamples. The t-statistics are computed using Newey-West standard errors. The aggregated testing columns report the percentage of samples where

the coefficient passes the test at a 10% significance level.

Panel A: Mid-Price

Order flow imbalance

Trade imbalance

Both covariates

k i B t(Ba) p£0 R? B t(By) p£0 R? B t(By) p£0 B2 t(B2) p£0 R?
10sec 15min | 0.002 (51.73)*** 97.87% 46.48% | 0.001 (35.65)*** 93.56% 24.96% | 0.001 (42.94)*** 093.84% 0.000 (16.29)*** 31.41% 49.24%
1min 1lday | 0.002 (17.06)*** 97.58% 47.67% | 0.001 (15.73)*** 91.48% 30.62% | 0.001 (17.29)*** 91.93% 0.000 (4.80)***  22.33% 50.08%

Panel B: Transaction Price
Order flow imbalance Trade imbalance Both covariates

K i P t(B1) p#0 R? P t(B1) p#0 R? P1 t(B1) p#0 i t(B2) p#0 R?
10sec 15min | 0.001 (56.35)*** 94.00% 26.06% | 0.001 (29.39)*** 88.48% 1.61% | 0.001 (66.96)*** 80.87% 0.001 (15.51)*** 28.80% 28.41%
1min 1lday | 0.002 (17.62)*** 97.31% 45.16% | 0.001 (15.38)*** 91.93% 28.39% | 0.001 (18.35)*** 91.84% 0.000 (4.39)***  21.70% 47.36%
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Table 6
Comparison of Traded Volume and Order Flow Imbalance

This table reports the regression results relating traded volume and order flow imbalance to price change:

|APK=ait+Bi|OF Iy |+&k

|APK[=0i+BiVOLk™ ek

|APK=ai+Biz] OF I +BizVO Lk H+ex

Where k is the short interval and 4Py is the mid-price change during time period k. OF Iy is the contemporaneous order flow imbalance, VOL«" is the contemporaneous trading volume
adjusted by H, where H comes from log|APy[=log(ai)+Hilog(VOLk)+log(ex). i denotes the long interval and we assume that the price impact coefficient B is constant over each i. When i is
equal to 15 minutes, we have 16,417 subsamples and when i is equal to a day, we have 1,105 subsamples. All columns present the average across these subsamples. The t-statistics are
computed using Newey-West standard errors. The aggregated testing columns reports the percentage of samples where the coefficient passes the test at a 10% significance level.

Panel A: Mid-Price

Order flow imbalance Trading volume Both covariates

K i B t(B1) B0 R? P t(B1) p#0 R? B1 t(B1) p#0 B2 t(B2) B0 R?

10sec 15 min | 0.001 (1.58) 36.59% 32.30% | 5.72E+06 (1.00) 80.04% 17.84% | 0.002 (1.82)* 21.87% 6.25E+06 (1.00) 18.83%  36.20%
1min 1day | 0.003 (1.97)** 34.17% 34.22% 0.142 (2.27)** 97.67% 28.46% | -0.001 (-0.57) 15.98% -0.473  (-0.69) 17.50%  41.29%

Panel B: Transaction Price

Order flow imbalance Trading volume Both covariates

k i P1 t(B1) p#0 R? P1 t(B1) p#0 R? B1 t(P1) p#0 B2 t(B2) p#0 R?

10sec 15min | 0.000 (0.05) 21.99% 12.18% | 2.73E+04 (1.00)  55.03% 6.99% | 0.004 (1.31) 14.86% 2.79E+04 (1.00) 8.67%  14.40%
1min  1day | 0003 (1.68)* 31.48% 29.16% | -0599  (-0.61) 96.59% 22.16% | 0.002  (1.50) 1543%  -1.194  (-0.93) 11.39%  34.39%
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Table 7

Relation between Price Change and First Order Lagged Order Flow Imbalance

This table reports the relation between price change and lag order flow imbalance:
AP=a;it+Bilag(OF li)+ex
AP =0i+Bilag(T ) +ex
AP=0i+Birlag(OF L) +Bi2lag(T k) +ex
Where K is the short interval, and 4Py is the mid-price change during time period k. OFIy is the contemporaneous order flow imbalance, Tl is the contemporaneous trade imbalance. i denotes the
long interval, and we assume that the price impact coefficient § is constant over each i. When i is equal to 15 minutes and 1 day, we have 16,417 and 1,105 subsamples, respectively. All columns
present the average across these subsamples. The t-statistics are computed using Newey-West standard errors. The aggregated testing columns report the percentage of samples where the coefficient
passes the test at a 10% significance level.

Panel A: Mid-Price

Order flow imbalance

Trade imbalance

Both covariates

K i B1 t(B1) p#0 R? B1 t(B1) p#0 R? P1 t(B1) p#0 B2 t(B2) B#0 R?
. 15 min | 0.000 17.77)***  29.69% 2.38% | 0.000 (11.52)***  26.69% 2.50% | 0.000 (9.44)%** 22.00% 0.000 (6.36)***  20.28% 4.28%
sec

Imin 1day | 0.000 (-3.75)*** 27.00% 1.26% | 0.000 (-4.82)*** 19.82% 1.00% | 0.000 (-2.02)** 21.08%  0.000 (-0.97) 14.80% 2.07%
Panel B: Transaction Price
Order flow imbalance Trade imbalance Both covariates

K [ Ba t(B1) B#0 R? B t(B1) B0 R? B t(B1) B0 B2 t(B2) B0 R?

sle?: 15min | 0.000 (28.09)***  38.86% 2.77% | 0.000 (3.83)*** 21.18% 1.59% | 0.001 (25.47)*** 38.23% 0.000 (-9.87)*** 21.67% 4.37%
1min  1day | 0.000 (-8.25)***  3722% 1.61% | 0.000 (-10.07)*** 31.93% 1.38% | 0.000 (-1.83)* 22.06% 0.000 (-5.11)*** 1561% 2.43%
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Table 8
The Lifespan of Order Flow Price Impact

This table reports the time duration of order flow imbalance on price change:

AP=0i+Bilagpr(OFIk)+ex

Where £ is the short time interval and 4P; is the price change during time period k. OFI is the contemporaneous
order flow imbalance and i is the long time interval. pre is the lag order of OFI), with each lag being 10 seconds
apart. In total there are 16,417 subsamples. All columns present the average across these subsamples. The ¢-
statistics are computed using Newey-West standard errors. The aggregated testing columns report the
percentage of samples where the coefficient passes the test at a 10% significance level.

| Mid-Price Transaction Price
" B (B B0 B {(B) B0
0 0.00162 (51.73)*** 97.87% 0.00146 (56.35)*** 94.00%
1 0.00020 (17.77)*** 29.69% 0.00036 (28.09)*** 38.86%
2 0.00005 (6.13)%** 16.93% 0.00005 (6.41)*** 16.23%
3 0.00000 (0.46) 14.84% -0.00002  (-3.21)*** 15.96%
4 -0.00003  (-3.85)*** 14.75% -0.00006  (-6.70)*** 16.84%
5 -0.00004  (-5.00)*** 14.73% -0.00007  (-7.47)*** 16.33%
6 -0.00005  (-7.76)*** 15.21% -0.00007  (-9.22)*** 16.33%
7 -0.00004  (-5.61)*** 14.54% -0.00008  (-8.12)*** 16.10%
8 -0.00003  (-4.00)*** 14.29% -0.00005  (-5.59)*** 15.08%
9 -0.00003  (-3.63)*** 13.47% -0.00005  (-4.99)*** 15.03%
10 -0.00002  (-1.86)* 14.13% -0.00002  (-1.56) 15.04%
11 -0.00001  (-0.89) 13.82% -0.00001  (-1.03) 14.93%
12 -0.00002  (-2.16)** 13.75% -0.00002  (-2.38)** 15.13%
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This table reports the time duration of order flow imbalance on price change:
AP=0itBilagpr(OFIk)+ex
Where £ is the short time interval and 4P is the price change during time period k. OFI; is the contemporaneous order flow imbalance and i is the long time interval. pre is the lag order of OFI, with each

lag being 10 seconds apart. In total there are 16,417 subsamples. All columns present the average across these subsamples. The #-statistics are computed using Newey-West standard errors. The aggregated
testing columns report the percentage of samples where the coefficient passes the test at a 10% significance level. Mid-price is used to calculate price change in panel A, with transaction price used in

Table 9
The Lifespan of Order Flow Price Impact By Year

panel B.
Panel A: Mid-Price
| 2008 2009 2010 2011 2012 2013
* P t(B1) p#0 P t(B1) p#0 P t(B1) p#0 B1 t(B1) p#0 P t(B1) p#0 P t(B1) p#0
0 | 0.00280 (40.01)*** 98.48% | 0.00161 (42.59)***  98.73% | 0.00229  (17.44)*** 94.99% | 0.00177 (66.49)*** 97.95% | 0.00078 (71.82)***  98.92% | 0.00072 (58.88)*** 99.29%
1 | 0.00037 (4.36)***  31.45% | 0.00017 (19.26)*** 24.84% | 0.00023 (5.83)***  2592% | 0.00027 (32.38)*** 32.38% | 0.00011 (32.02)***  33.50% | 0.00008 (23.16)*** 29.98%
2 | -0.00001 (-0.18) 16.76% | 0.00002 (2.38)** 17.33% | 0.00008 (3.31)***  15.36% | 0.00009 (14.31)*** 18.33% | 0.00003 (10.34)***  17.17% | 0.00003 (8.32)***  16.20%
3 | -0.00004 (-1.45) 14.69% | -0.00002 (-4.53)*** 14.96% | 0.00003 (1.22) 14.89% | 0.00003  (4.61)*** 14.22% | -0.00001 (-2.97)*** 15.42% | 0.00000 (0.08) 14.78%
4 | -0.00005 (-1.06) 16.90% | -0.00004 (-7.99)*** 16.13% | -0.00002 (-0.66) 13.77% | -0.00002 (-4.10)*** 12.81% | -0.00002 (-7.75)*** 15.81% | -0.00001 (-5.26)***  14.55%
5 | 0.00000 (-0.02) 15.03% | -0.00005 (-9.31)***  15.42% | -0.00005 (-2.61)*** 13.48% | -0.00006 (-3.42)*** 13.56% | -0.00003 (-10.91)*** 16.08% | -0.00002 (-9.04)***  15.49%
6 | -0.00016 (-3.65)*** 15.93% | -0.00007 (-12.45)*** 16.65% | -0.00006 (-2.90)***  14.30% | -0.00002 (-1.56) 13.81% | -0.00003 (-11.31)*** 16.08% | -0.00003 (-9.47)***  15.08%
7 | -0.00010 (-2.74)*** 15.52% | -0.00005 (-8.98)*** 15.14% | -0.00002 (-0.90) 13.59% | -0.00004 (-4.32)*** 13.31% | -0.00002 (-8.94)*** 15.94% | -0.00002 (-8.57)***  14.31%
8 | -0.00007 (-1.31) 15.17% | -0.00005 (-8.69)***  14.75% | -0.00002 (-0.60) 13.65% | -0.00004 (-7.02)***  13.78% | -0.00002 (-9.85)***  14.69% | -0.00002 (-8.96)*** 14.37%
9 | -0.00004 (-0.53) 15.17% | -0.00003 (-4.97)*** 14.68% | -0.00003 (-1.69)* 11.88% | -0.00005 (-7.70)***  12.89% | -0.00002 (-3.89)*** 13.75% | -0.00002 (-7.52)***  13.90%
10 | 0.00007 (0.66) 15.17% | -0.00002 (-3.15)*** 14.04% | -0.00003 (-1.68)** 13.65% | -0.00004 (-7.55)***  14.22% | -0.00002 (-6.56)*** 14.39% | -0.00001 (-4.82)***  13.66%
11 | 0.00010 (0.81) 13.86% | 0.00000 (-0.03) 13.94% | -0.00003  (-1.29) 12.24% | -0.00005 (-7.09)***  13.36% | -0.00001 (-2.77)***  15.33% | -0.00001 (-5.56)***  14.61%
12 | 0.00002 (0.45) 15.24% | -0.00001 (-2.36)** 14.57% | 0.00000 (0.01) 12.74% | -0.00006 (-2.09)** 12.81% | -0.00002 (-5.31)*** 14.47% | -0.00001 (-4.63)***  13.66%
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Panel B: Transaction Price

| 2008 2009 2010 2011 2012 2013
* pl t(B1) p#0 p1 t(B1) p#0 p1 t(B1) p#0 p1 t(B1) p#0 pl t(B1) p#0 p1 t(B1) p#0

0 | 000265 (41.01)*** 098.28% | 0.00150 (42.32)***  97.46% | 0.00191 (18.20)*** 87.41% | 0.00160 (62.31)*** 91.05% | 0.00075 (78.99)***  96.47% | 0.00068 (56.94)***  98.82%
1 | 0.00069 (7.94)*** 50550 | 0.00038 (31.88)*** 43.01% | 0.00044 (9.82)***  32.56% | 0.00041 (35.24)*** 36.48% | 0.00017 (40.22)***  39.47% | 0.00014 (31.87)***  38.32%
2 | -0.00003 (-0.54) 16.34% | 0.00000  (0.42) 16.09% | 0.00016 (5.51)***  15.92% | 0.00008 (9.13)***  16.86% | 0.00002 (4.36)***  16.53% | 0.00002 (4.61)***  14.96%
3 | -0.00009 (-2.95)*** 17.17% | -0.00006 (-9.15)***  16.02% | 0.00002 (0.67) 15.72% | -0.00001 (-1.49) 15.55% | -0.00003 (-6.94)***  16.22% | -0.00002 (-4.88)***  15.61%
4 | -0.00011 (-2.13)**  18.69% | -0.00009 (-13.27)*** 17.33% | -0.00004 (-1.28) 17.34% | -0.00006 (-6.94)*** 1516% | -0.00004 (-11.76)*** 17.22% | -0.00003 (-8.74)***  16.26%
5 | -0.00006 (-0.85) 17.86% | -0.00008 (-12.93)*** 15.42% | -0.00006 (-2.30)**  15.54% | -0.00010 (-5.87)*** 16.33% | -0.00004 (-11.20)*** 17.33% | -0.00004 (-10.29)*** 16.09%
6 | -0.00019 (-4.23)*** 20.14% | -0.00009 (-13.16)*** 16.06% | -0.00007 (-2.81)*** 15.69% | -0.00005 (-3.24)*** 15.69% | -0.00004 (-11.61)*** 15.94% | -0.00004 (-11.36)*** 17.09%
7 | -0.00012 (-3.25)*** 15.72% | -0.00006 (-9.13)***  15.95% | -0.00014 (-3.60)*** 1551% | -0.00006 (-5.38)*** 16.19% | -0.00004 (-10.18)*** 16.75% | -0.00003 (-7.92)***  16.26%
8 | -0.00008 (-1.51) 15.17% | -0.00007 (-10.39)*** 15.46% | -0.00007 (-1.82)*  14.54% | -0.00005 (-6.25)*** 14.50% | -0.00003 (-7.11)***  1553% | -0.00002 (-6.01)***  15.85%
9 | -0.00004 (-0.49) 14.28% | -0.00003 (-4.28)***  15.63% | -0.00007 (-2.90)***  14.80% | -0.00007 (-8.79)***  14.94% | -0.00002 (-4.58)***  1525% | -0.00002 (-6.93)***  14.84%
10 | 0.00006  (0.58) 14.00% | -0.00001 (-2.43)**  14.68% | -0.00002 (-0.60) 14.30% | -0.00005 (-5.18)***  16.30% | -0.00002 (-5.87)***  15.08% | -0.00002 (-4.88)***  15.32%
11 | 0.00010 (0.81) 14.41% | -0.00001 (-1.58) 16.02% | -0.00003  (-1.05) 14.33% | -0.00005 (-5.89)*** 14.80% | -0.00001 (-2.03)**  15.42% | -0.00001 (-3.76)***  14.02%
12 | 0.00002 (0.51) 14.55% | -0.00001 (-2.06)***  15.24% | 0.00001 (0.27) 15.28% | -0.00008 (-2.70)***  1536% | -0.00002 (-4.67)***  14.92% | -0.00001 (-4.18)***  15.14%
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Table 10
Granger Causality

This table reports the Granger causality between price change and order imbalance (both OFI and TI) in the Chinese
soybean meal futures market for different time intervals. We calculate the Granger causality for each day, and average
the results. We have 16,417 and 1,105 subsamples under 10 second and 1-minute frequencies, respectively. Mid-price
is used to calculate price change in panel A, with transaction price used in panel B. The Granger causality between OFI

and Tl is also reported in panel C.

Panel A: Mid Price and Order imbalance

10 sec 1 min
Ho X2 Success x? Success
Price change Granger Cause OFI 2.46 21.95% 4.23 29.66%
OFI Granger Cause Price change 9.69 71.66% 5.49 42.00%
Price change Granger Cause Tl 3.69 31.37% 4.77 32.55%
T1 Granger Cause Price change 6.59 52.83% 451 35.28%

Panel B: Transaction price and Order imbalance

10 sec 1 min
Ho X2 Success X2 Success
Price change Granger Cause OFI 1.84 16.34% 4.05 30.32%
OFI Granger Cause Price change 10.07 81.75% 6.5 48.20%
Price change Granger Cause TI 3.15 28.07% 4,71 35.58%
TI Granger Cause Price change 4.15 43.34% 4.31 33.27%

Panel C: OFl and Tl

10 sec 1 min
Ho x2 Success x2 Success
T1 Granger Cause OFI 3.84 28.68% 3.41 26.59%
OFI Granger Cause Tl 7.07 54.97% 4.95 43.20%
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Figure 1: Average 15-minute price change, OFI and TI.

This figure reports the average 15-minute mid-price change 4P, Order Flow Imbalance OFT and Trade
Imbalance for Chinese Soybean Meal futures.
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Figure 2: Average 15-minute absolute price change, absolute OFI and trading volume.

This figure reports the average 15-minute absolute price change |4P|, absolute Order Flow Imbalance

|OF1)|, absolute Trade Imbalance |77| and trading volume for Chinese Soybean Meal futures.
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Table A1

Global Futures and Options Volume Contract Rankings

This table reports the World ranking of Agricultural Futures & Option Contracts in 2014 and 2015. The trading volume of the
Chinese soybean meal futures contract is ranked second among the Top 10 Agricultural Futures & Options Contracts in 2014 and
first in 2015. The trading volume and change are also shown in this table.

Top 10 Agricultural Futures & Option Contracts

Rank ) Volume Change
EUE—— Contract Contract Size
2015 2014 2015 2014 (%)

1 2 Soy Meal Futures, DCE 10 tons 289,496,780 204,988,746 41.2%
2 1 Rapeseed Meal Futures, ZCE 10 tons 261,487,209 303,515,966 -13.8%
3 3 White Sugar Futures, ZCE 10 tons 187,323,456 97,726,662 91.7%
4 5 Palm Qil Futures, DCE 10 tons 111,515,010 79,996,388 39.4%
5 7 Soy QOil Futures, DCE 10 tons 92,504,264 64,082,631 44.4%
6 6 Corn Futures, CBOT 5,000 bushels 83,094,271 69,437,304 19.7%
7 4 Rubber Futures, SHFE 10 tons 83,067,547 88,631,586 -6.3%
8 8 Soybean Futures, CBOT 5,000 bushels 54,095,051 49,169,361 10.0%
9 20+ Corn Futures, DCE 10 tons 42,090,235 9,329,939 351.1%
10 12 Sugar#11 Futures, ICE Futures U.S. 112,000 pounds 34,394,482 29,396,597 17.0%
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