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Abstract

We classify groups of traders with similar trading characteristics through clus-
ter analysis. This is a first attempt, as far as we know, to use cluster analysis to
identify trader groups. We use the inventory ratio, order cancellation ratio, order
frequency, and number of stocks per trading server as proxies of behavioral char-
acteristics. The combination of these four variables successfully separates a group
of traders matching the key trading characteristics. We identify two groups that
satisfy the high-cancellation and low-inventory conditions of high-frequency trading
market makers (HFT-MMs). These HFT-MMs are differentiated from other fast
traders by their avoidance of market orders and assignment of very small num-
bers of stocks per trading server to minimize latency. A comparative analysis of
trading behaviors between calm and volatile periods using second-by-second order
submission data covering all market participants finds that HF'T-MMs’ trading de-
cisions are triggered by marketwide order flow and imbalance information, but not
price/quote information, whereas other types of fast traders are more sensitive to
price than order flow information. In the fast-moving market, the magnitude of
HFT-MMs’ reactions is amplified and the time until a limit order is canceled short-
ens almost one-third the time under normal market conditions. Thus HFT-MMs
remain liquidity providers in the market during both periods.
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1 Introduction

In stock markets worldwide, investors who trade at very high speeds, called high-frequency
traders (HFTs), have a dominant presence. Speed has always been of the essence in fi-
nancial markets. Current HFT's invest in trading infrastructure that ensures their access
to fast and high-frequency trading (Biais et al. (2015); Brogaard et al. (2015)).! They
can respond to events with time stamps on the order of milliseconds, if not microseconds.
The latest software and infrastructure developments allow trading firms to use cutting
edge algorithmic trading technology at microsecond and millisecond levels. A deep un-
derstanding of their trading behavior is therefore crucial in current financial markets,
where HFTs provide most of the liquidity (Hosaka (2014)).

Although empirical research on HFTs is rapidly growing, it is largely based on HF'T
data sets that provide limited coverage of HFT activity and usually not at the account
level. This prevents researchers from identifying the series of actions undertaken by indi-
vidual HFTs (U.S. Securities and Exchange Commission (SEC), 2014). When account-
level data are provided, the identification of HFTs is mostly based on the screening of
metrics such as the cancellation-to-order ratio (COR), with fairly arbitrary classification
thresholds. In this study, we classify traders into groups with hierarchical agglomerative
clustering which belongs to unsupervised learning. Cluster analysis classifies traders with
similar trading characteristics into the same group. We are not aware of any other studies
which use cluster analysis to identify HFTs.?2 This methodology is attractive because it
does not require trading metrics thresholds to create subgroups of traders with similar
behavioral characteristics.

We select four proxy variables that represent the behavioral characteristics of HFT's
well for our cluster analysis: the inventory ratio, the order cancellation ratio, the order
frequency, and the number of stocks per server. The first two variables are selected
according to the HF T literature, which acknowledges high cancellation and low inventory
as key HFT characteristics. The latter two variables indicate the importance of each
trader’s ability to trade at high frequencies and quickly, respectively. These four variables
reveal the underlying principles of investment objectives and order submission strategies
that are determined in advance and do not change daily with market conditions. Thus,
the combination of these four variables can guide us in finding neighboring entities such
as HF'Ts.

We use order submission data provided by the Tokyo Stock Exchange (TSE). This
data set covers all of TSE’s electronic messages, including order submission times, types,

!Brogaard et al. (2015) show that liquidity providers are willing to pay for premium colocation services
that allow them to colocate their servers near exchange matching engines for faster transmission speeds.

ZYang et al. (2012) use inverse reinforcement learning to characterize trader behavior and Ait-Sahalia
and Saglam (2013) use principal component analysis. However, as far as we know, no attempt has yet
been made to use cluster analysis to identify HFTs.



and sizes, and various order execution contingencies, such as “Immediate or Cancel”.
A key feature of our data set is the inclusion of a virtual server (VS) id® and an order
identification (OI). The VS is a unique identification number for each TSE customer that
enables us to track series of individual traders’ actions. We compare trading behaviors
in normal and volatile periods because theoretical and empirical studies find that the
participation of HFTs declines during times of market stress (Easley et al. (2012); Ait-
Sahalia and Saglam (2013); Kirilenko et al. (2017)). This is a crucial issue in terms
of market liquidity, since markets rely on HFT-MMs as major liquidity providers. We
designate the three days from May 20 to May 22, 2013, as a normal period and the two
days from May 23 to 24, 2013, as a volatile period.*

We find that two trader groups comprised by 12 trading desks meet the criteria for
high-frequently trading liquidity providers, that is, HF'T-MMs. In the normal period,
HFT-MMs as a group have an average inventory ratio of 9.4% and a cancellation ratio
of 83%. These HFT-MMs are differentiated from other fast traders by their exclusive
usage of limit orders and assignment of very small numbers of stocks per trading server
to minimize latency. They assign seven stocks per VS and submit an average of 122,620
orders per day. There are other four groups comprised by 24 trading desks whose order
submission frequency is equivalent to that of HF'T-MMs. They submit 118,807 orders
per day, very close to the order submission frequency of HFT-MMs, but their inventory
ratio is 32.7% and their cancellation ratio is 59%. We call these opportunistic high-
frequently traders (HFT-OPs)®. We further define two slower groups as mid-frequency
traders (MFTs) and low-frequency traders (LFTs).

The speed advantage of HFTs in terms of information processing and trading is em-
phasized in the more recent HFT-specific theoretical literature. Higher speeds allow HFT's
to react more quickly to public news than other traders can. The other advantages of HF'T
are the ability to monitor and analyze instantaneously a great amount of information, in-
cluding the order flow, price/quote information, and changes in inventory®. Following the
literature, we test whether it is order flow or price/quote information that triggers HFT-
MMs’ order submissions and whether their decisions change when the market becomes
volatile.” In the empirical investigation, we analyze HFT-MMs’ limit order submissions
and cancellations. Information on the sell (buy) orders of other market participants is
important in HFT-MMs’ buy (sell) limit order decisions, indicating an opportunity to

3A VS is a logical communication path established between the TSE’s system (matching engine) and
a user’s system.

4See Figure 1. On May 23, 2013, the Nikkei stock average went up and then down by more than
1,000 yen, nearly 7.3%, during the trading session.

Se.g., Hagstromer and Nordén (2013); SEC (2014); Kirilenko et al. (2017)

be.g., Cespa and Foucault (2011); Jovanovic and Menkveld (2011); Ajt-Sahalia and Saglam (2013);
Menkveld (2013); Biais et al. (2015); Gerig (2015); Foucault et al. (2016)

"The theoretical model of Ait-Sahalia and Saglam (2013) suggests HFT-MMs reduce their activity in
volatile periods. Easley et al. (2012) and Kirilenko et al. (2017) find empirical evidences.



provide liquidity under normal market conditions but an increase in inventory risk in
a volatile market. Marketwide order imbalance between buy and sell orders is another
risk indicator that can significantly impact their inventory. We use index futures and
individual stock transaction prices as price/quote information.

We estimate a vector autoregression (VAR) model with 15 lags to analyze HF TS’
order submission behavior in conjunction with marketwide order flow and price/quote
changes. We focus on stocks traded by HFT-MMs, totaling 269 stocks, with a data
set that includes the entire order submission history (new entries, modifications, order
fills, and cancellations) and details of the order contents (number of shares, limit price,
and order contingencies such as “Immediate or Cancel”). We obtain intraday data from
NEEDS tick data for stock index futures.

The impulse response function (IRF) results indicate that information on the sell (buy)
orders of other participants, is the most important for HF T-MMs’ trading decisions on
cancellations. Marketwide order imbalance also impacts HF'T-MMs’ trading decisions,
but inventory and price/quote changes of futures and stocks do not have a significant
impact. The results indicate HF'T-MMSs react to order flow information rather than to
price/quote information. Their reactions to order flow are amplified by two to five times
in the volatile period compared to the normal period. In the volatile period, HFT-MMs
reduce the period during which they cancel unfilled limit orders. This shows HFT-MMs
adjust their limit order management to maintain proper inventory levels in a fast-moving
market.

With regards to interaction between trader groups, under normal market conditions,
the second-by-second changes in the number of buy orders from HF'T-MMs have a strong
positive relation with those of sell orders from LFTs up to 14 lags. This indicates that
HFT-MMs are constantly accommodating order flow from LFTs. However, their actions
are unrelated to those of MFTs and HFT-OPs. HFT-OPs’ interaction with other three
groups are strikingly different. Their actions are more often positively correlated with
past futures price innovations. They follow positive feedback (price chasing) type of
trading.

The next section reviews the literature and Section 3 describes the data. Section
4 explains the cluster analysis classification method, Section 5 describes the hypotheses,
and Section 6 reports the results of the empirical analyses. Section 7 concludes the paper.

2 Literature

The literature on HETs is growing rapidly and is well summarized by Menkveld (2013),
Chordia et al. (2013), Jones (2013), Biais and Foucault (2014), and O’Hara (2015). Our
study is related to two different strands of the literature: how to identify traders engaging
in high-frequency and fast trading and how their trading decisions are related to the



behaviors of other market participants. We discuss each of these issues in detail below.

First, our study is motivated by SEC (2010) and SEC (2014). In SEC (2014), it is
noted that “the lack of a clear definition of HFT complicated the regulatory review of
market structure. The diversity of HF'T highlights the importance of exercising care when
using metrics to define HF'T and proxies to associate with HF'T. In particular, metrics
and proxies that are based directly or indirectly on passive order book activity (such as
message rates or cancellation rates) may have the effect of excluding a large volume of
aggressive HF'T activity. In addition, narrow metrics for other aspects of HF T activity,
such as intraday and end-of-day inventory levels, can exclude a large volume of HFT
activity. ”

This is also constrained by data sets on which empirical studies on HFT rely. Most
HFT studies focus on HFT's as a group because the HFT databases provided by NASDAQ
and Euronext Paris do not provide information at the account level.® The coverage of
HFTs depends solely on how each exchange classifies traders. For example, NASDAQ
uses its knowledge about an account and gathers information on the account’s business
type to determine whether it is an HF'T or not. NASDAQ’s classification does not include
the HFT-type activities conducted by the trading desks of large brokerage firms (SEC
(2014)). In the May 2010 Flash Crash, Kirilenko et al. (2017) use CME Group’s E-mini
data set to identify the unique trading behavior of HF'Ts based on inventory and volume
patterns. Kirilenko et al. (2017) define opportunistic traders who follow a variety of
arbitrage trading strategies, including cross-market arbitrage, short securities, statistical
arbitrage, and news arbitrage. Hagstromer and Nordén (2013) use trader identifiers and
knowledge of member activities provided by NASDAQ OMX Stockholm to manually
classify firms as HF'T. The authors further divide classified HF T's into “market-making”
and “opportunistic.”

Even if account-level data are provided, the identification of HFTs is mostly based
on screening with a couple of metrics, such as COR. The thresholds of the metrics used
for classification are fairly arbitrary. We therefore use agglomerative cluster analysis to
search for hierarchical clusters of traders. We are unaware of any other attempts at using
cluster analysis to identify HF T’s.

Second, the speed advantage of HF'T's in terms of information processing and trading
is emphasized in the more recent HF T-specific theoretical literature. The higher speeds
allow HETs to react more quickly to public news than other traders can (e.g., Biais
and Woolley (2011); Jovanovic and Menkveld (2011); Foucault et al. (2016)). Jovanovic
and Menkveld (2011) have developed a model where information asymmetry can gener-
ate both beneficial and deleterious effects. Biais and Woolley (2011) suggest that fast

traders increase negative externalities and thus adverse selection, crowding out slower

8 A number of studies have analyzed the behavior of HFTs classified by NASDAQ (e.g., Brogaard
et al. (2014); Brogaard et al. (2016); Brogaard et al. (2018)) and classified by Euronext Paris (e.g., Biais
et al. (2016); AMF (2017); Bellia et al. (2017); Colliard and Hoffmann (2017)).
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traders. The theoretical paper that is closest to ours is that of Ait-Sahalia and Saglam
(2013), who develop a model to study the quote optimization of HFTs that enjoy a la-
tency advantage and trade against many uninformed low-frequency traders (LFTs) and
determine why HFTs cancel their orders at a very rapid rate; how HFTs’ (endogenous)
inventory constraints help shape their order placement and cancellation strategies; how
HFTs’ provision of liquidity can be expected to change in different market environments,
such as high-volatility ones; and how competition among HFT's is expected to affect the
provision of liquidity and the welfare of LFTs. We test some of their predictions in this
paper. Gerig (2015) differentiates HFTs from other traders in terms of their ability to
monitor large numbers of securities contemporaneously and, thus, make better predic-
tions of future order flow. Cespa and Foucault (2011) describe a new mechanism where
dealers use the prices of other securities as information that generates spillover effects in
terms of both price and liquidity.

Menkveld (2013) analyzes the transactions of a large high-frequently trading firm ac-
tive on the NYSE Euronext and Chi-X markets right after Chi-X started as an alternative
trading venue for European stocks. The author shows that, in 80% of cases, HFTs pro-
vided liquidity in both markets during the continuous trading session. In an event study
framework, Gomber et al. (2011), Yang et al. (2012), and Menkveld (2013) document
the typical behavior of HF'Ts during the continuous trading session, starting with a zero
inventory position at the beginning of the trading day.

These empirical studies reveal specific features of HFTs: HFTs are recognizable by
their high frequency of order submissions, high number of trades, high total volume
traded, small volume of each trade, and the fact that they carry a low inventory as their
primary risk control strategy. HFTs act primarily as market makers, unwilling to make
directional bets. HFTs also tend to place many orders, with only some of them being
actually executed and many canceled, and they seem to exploit order flow information
and generate trading signals on a very short time scale rather than longer-run information
about the fundamental value of an asset.

Although HFTs engage in market making, they are not designated market makers.
Therefore, their liquidity provision can be expected to decrease as price volatility in-
creases. Since this is precisely when large unexpected orders are likely to hit, markets
can become fragile in volatile times, with imbalances arising because of inventories that
intermediaries used to but are no longer willing to temporarily hold. These predictions of
the models are particularly salient in light of evidence that has emerged regarding flash
crashes (Easley et al. (2012); Kirilenko et al. (2017)).

In sum, our paper is related to the HF'T literature but differs in several dimensions.
First, our study relies on a unique characterization of HFTs that is derived from the
specifics of the trading technology rather than relying merely on trading metrics, as
described in detail in Section 3. Second, we use the whole market sample to identify
different trader groups on the TSE, using cluster analysis, which identifies traders with



similar trading behaviors as a group from a purely statistical point of view. Most other
papers have relied on a flag that differentiates HFT's from non-HFTs or metrics such as
the trade-to-cancellation ratio as a threshold. Our reliance on the identification of VSs
permits us to get around the problem of limited access to client-specific trading data and
still obtain complete data for the whole market.

3 Data

3.1 Sample period

In this study, we use a unique order submission data set provided by the TSE during the
eight trading days from May 20 to May 29, 2013. We choose this period to compare HF'T-
MMs’ trading behaviors in normal and volatile periods because theoretical and empirical
studies find that the participation of HFTs declines during times of market stress.

[Figure 1 about here]

Figure 1 shows the historical quotes of Nikkei 225 Index Futures on the Osaka Ex-
change from May 20 through 24, 2013. As shown, the price movement gradually became
volatile during the morning session on May 23 and then fell rapidly in the afternoon ses-
sion. The Nikkei stock average peaked at 15,942 yen in the morning session and dropped
rapidly to 14,483 yen by closing time, a 1,143 yen (7.31%) drop from the closing price of
the previous day. During the morning session of the next day, May 24, the price recov-
ered to around 15,000 yen and subsided a bit but it then sharply declined again in the
afternoon session to a low of 13,982 yen. The fluctuation ranges were larger than 1,000
yen on both May 23 and May 24. We therefore choose the three days from May 20 to
May 22, 2013, as the normal period and the two days from May 23 to May 24, 2013, as
the volatile period.

3.2 Trading desk formation

Our order submission data set comprises all of TSE’s electronic messages, including the
date, time, code, limit price, and volume. A key feature of our data set is the inclusion of a
virtual server (VS) id and an order identification (OI). The VS is an identification number
of the unique connection between a trading desk and the TSE’s matching machines by
which we can determine which trading desk sent an electronic message. This method
enables us to track series of individual trading desk actions. The OI is the identification
number of a new order submission. When a trader sets a limit order, for instance, we can
track the trader’s limit order to execution, cancellation, or modification. Furthermore,



we can calculate the time between new limit orders and their cancellation, modification,
and execution from the OI. By utilizing this unique information, we attempt to classify
trading desks on the TSE into groups and analyze trader behavior at the individual trader
level, focusing on HF T’s.

We now describe the data preprocessing before the cluster analysis. First, traders han-
dling large numbers of orders use multiple VSs, so we merge VSs used by the same entity
and call these merged VSs trading desks (TDs) to distinguish the physical connection
equipment of the VS. Figure 2 shows an example of merging VSs.

[Figure 2 about here]

For example, if VS:1 placed a new limit order (OI:1) and VS:2 was used to cancel
OI:1 a few seconds later, we consider VS:1 and VS:2 were used by the same trader. If
multiple VSs are used to undertake actions with the same OI during the eight trading
days from May 20 to May 29, 2013, we merge these VSs into a single TD. We have 4,157
VSs before merging the data and 2,321 TDs after.

Next, because of our focus on HFTs, we extract high-activity TDs, that is, those
carrying out more than 100 daily actions per stock. The number of actions per stock per
day is defined as

num-newrp; + num_changerp; + num_cancelrp ¢

action_per_stockrp s = , (1)

’ num_stockrp
where num_newrp, is the number of new orders, num_changerp, is the number of order
modifications, and num_cancelrp, is the number of order cancellations for 7D on trading
day t. We take the average of the aggregate number of new orders, order modifications,
and cancellations per day, action_per_stockrp ., over three days, from May 20 to May 22,
2013, when market conditions were normal. A total of 142 TDs satisfy such conditions,

which will be used in the cluster analysis described in the next section.

4 Classification with cluster analysis

We classify TDs with cluster analysis.” The cluster analysis used in this study is an
unsupervised learning, a method for classifying a data set into several groups, or clusters.
Cluster analysis classifies a given data set into similar groups, based on the data set. In
this study, we employ Ward’s method which is one type of the agglomerative hierarchical
clustering, since we assume the number of clusters is not obvious and HFTs’ strategies

9Cluster analysis is widely used for various tasks, such as document clustering for document data
(Aggarwal and Zhai (2012)), customer segmentation based on purchase history data (Berkhin (2006))
and anomaly detection in sensor data (Chandola et al. (2009)).
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have a hierarchical structure in terms of trading style (market making, trend following,
statistical arbitrage, etc.)

As described in Section 3.2, our order submission data allow us to distinguish between
trading desks but give no information regarding their styles of trading. Therefore, after
grouping together through cluster analysis trading desks that exhibit similar behaviors,
we choose groups that match known HF'T characteristics.

In our setting, it is important to rely on indicators that represent trading strategy
principles and not actions influenced by market conditions. We therefore select the fol-
lowing four proxies for our cluster analysis: the inventory ratio, COR, the number of

actions per stock, and the number of stocks per TD.

(i) Inventory ratio
The inventory ratio is a common indicator in empirical studies on HF'T behavior.
It is the ratio of long or short positions to the total daily trading volume. This
indicator represents traders’ trading strategy time horizon. Generally, HFT's hold
positions for very short periods and try not to carry over positions to the next
trading day. The inventory ratio is defined as
volume_buyrp;; — volume_sellrp

Inventory_ratiorp;; = ) (2)
volume_buyrp,; + volume_sellrp v,

Inventory_ratiorp; = Median(Inventory_ratiorp;;), (3)

where volume_buyrp ;; is the total number of shares of buy transactions and volume_sellrp
is the total number of shares of sell transactions for T'D, trading day ¢, and stock
t. We used Inventory_ratiorp,, that is, the median of each stock 7, for the cluster

analysis.

(ii) Cancellation-to-order ratio (COR)
The COR is related to traders’ limit order management. It also related to the
aggressiveness of the limit price in their orders. In the case of HFTs, it indicates
traders’ awareness of limit order exposure to unfavorable price movement. To reduce
intraday adverse selection risk, HF'Ts try to keep their exposure of limit orders as
short as possible. Therefore, it is commonly known that HFTs cancel limit orders
within short intervals. The COR is defined as

num_cancelrp

CORrpy = (4)

num_newrp
(iii) Number of stocks per TD
The number of stocks traded by a TD reflects the investment strategy adopted by
each trader. Although HFTs have an arrangement involving the exclusive usage
of multiple VSs because they need the capacity for high-frequency trading, large
brokerage houses also subscribe to multiple servers to process the peak-load of



orders of millions of customers. Our data cover TDs that use as many as 40 VSs.

Two extreme patterns of usage can be distinguished by this variable.

The number of traded stocks per VS is defined as

num-_stocksrp

: ()

stocks_per_V Srp, = num VSep,
where num_stocksrp is the total number of stocks traded by the TD and num_V Stp
is the number of V Ss used by the TD on trading day ¢t. Because of TSE’s restric-
tions on the number of electronic messages per second, HFT's assign small numbers
of stocks per VS. HFTs can cancel a limit order immediately after its submission;
therefore, limited numbers of stocks are assigned to each VS.!1° On the other hand,

a large brokerage house handles large numbers of different stocks (CUSIP numbers)
so that each of their VSs handles orders for many different stocks.

(iv) Number of actions per stock

The number of actions per stock is our proxy for the latency requirement of each
TD. Latency, here, refers to the elapsed time needed to send a message to the
TSE. Outside researchers do not have access to such information. We suppose that
those who need to conduct high-frequency trading for one stock have access to
trading facilities that enable low-latency order submissions. Later, we measure the
actual time between a new order’s submission and its cancellation, which could be
a closer measure of latency; however, such measures are available only for HFTs.
The number of messages per stock is a good proxy for all TDs’ latency desires.

We classify 141 high-activity TDs into similar trading strategy groups, using Ward’s
methods based on the four above-mentioned proxies, computed as averages over the
period from May 20 to May 22, which is considered the normal period. Hierarchical
agglomerative clustering creates an initial state with N clusters for data of sample size
N. Starting from an initial state, we calculate the distance d(Cy, Cy) between the clusters
Ch and C5 including z; and w9, respectively, and merge the two closest clusters one by
one. By repeating this merging procedure until all clusters are merged into one, we can
acquire a hierarchical structure (Hastie et al. (2001)). The distance function d(C;, C;)

10The TSE provides three levels of service, with a maximum of 60, 40, and 20 messages per second,
respectively. We refer to all messages, including cancellations, in our definition of quotes. According to
a prominent HFT, for a trader to remain truly anonymous, at least 20 VSs are necessary to implement a
strategy of trading 1,500 stocks all at once. If the HFT also needs to cancel several orders immediately
after submitting new ones, an additional 20 VSs can be required, for a total of 40 VSs necessary to
support intensive HFT activity across multiple stocks. Using multiple VSs, each trader optimizes the
performance of the trading operations for subsets of stocks. Some traders operate within a specific group
of stocks every day, in which case they may establish the allocation of stocks to each VS. Other traders
may change part of their allocation on a day-by-day basis.



between clusters in Ward’s method is defined as

d(C;, Cj) = E(CinC;) — E(C;) — E(C)), (6)
E(C;) = z;_(w—fi)Q- (7)

Two clusters are merged to minimize the difference between the cluster dispersion after
merging and the sum of the variance of each cluster before merging one by one. We
preprocess the input data by taking the natural logarithms of the number of actions
per stock and the number of stocks per VS. Furthermore, to match the scale between
the four indicators, each indicator is standardized by its average value and standard
deviation. Figure 3 shows the results of the classification of TDs with Ward’s method as
a dendrogram. The dendrogram is the tree diagram obtained by hierarchical clustering
and the vertical axis represents the distance between individual TDs or clusters.

[Figure 3 about here]

Table 1 summarizes the descriptive statistics of 10 groups classified by Ward’s method.
This table describes the averages over the period from May 20 to May 22 for each group.
The numbers 1 to 10 on the horizontal axis in Figure 3 correspond to the group numbers
in Table 1. To grasp the characteristics of each group, in addition to the four proxies used
in the cluster analysis, we use seven additional indicators: the number of new orders, the
number of total actions, the number of filled order and the rate at which they were filled,
COR, the order quantity, the number of market orders, and the number of VSs used by
a TD.

[Table 1 about here]

Groups 9 and 10 satisfy the conditions of a high COR and a low inventory ratio,
a characteristic of HFT-MMs; they have the highest frequency of action_per_stockrp
among the 10 groups; and their stocks_per_V Srp, values are very low, at 13 and two,
respectively. These behavioral characteristics match those of HFT-MMs. Another distin-
guishing behavioral feature is the complete avoidance of market order. Although market
orders can be executed immediately, they can be executed at unexpected prices. Given
the increasing numbers of low-latency traders on the TSE, the best quotes at the time
of order submission may no longer be available when the order reaches the exchange. In
an order-driven market such as the TSE, limit orders are a vehicle to supply liquidity to
the market. To earn on the bid—ask spread, HFT-MMs must trade through limit orders.

Among groups 1 through 8, there are some satisfy either the high COR criterion or
the low inventory ratio criterion. For example, group 8 has the second lowest inventory

10



ratio, 8.0%, but COR is 46%, ranking sixth among the 10 groups, which is not as high
as COR of groups 9 and 10, which are 91% and 78%, respectively. Groups 2 and 7,
respectively, have high COR, 85% and 80%, but relatively high inventory ratios of 63.0%
and 30.2%.

The 10 groups identified by cluster analysis can be categorized into three distinct
styles, mainly based on frequency: groups 9 and 10 are identified as HFT-MMs; groups
2, 5, 7, and 8 are HFT-OPs, and groups 1, 3, 4, and 6 are middle-frequency traders
(MFTs). Trading desks excluded from the cluster analysis are LFTs. Table 2 shows the
descriptive statistics for the four groups.

[Table 2 about here]

HFT-OPs have equivalent numbers of actions per stock and higher numbers of new
order submissions as HFT-MMs but differ in terms of their inventory ratio (32.7%) and
COR (59%). ' In terms of order size, they place orders that are almost six times as
large (1,851 shares) as those of HFT-MMs (347 shares), about 21% of their new orders
are market orders, and they have much higher fill rates (50%) than HFT-MMs do (19%).
Clearly the immediate execution of orders has a higher priority among HFT-OPs. This
meets the characteristics of HF'T-OPs who engage a variety of arbitrage trading strategies
such as cross-market arbitrage, statistical arbitrage, and news arbitrage (Hagstromer and
Nordén (2013); SEC (2014); Kirilenko et al. (2017)). MFTs exhibit the lowest activity
(new orders and actions) among all the groups except for LETs. The fill rate is 76%,
the inventory ratio is 85.0%, and only 13.9% of new orders are market orders, less than
for HF'T-OPs. The higher fill rate and much lower market order usage are due to MFTs
trading with cost-cautious manner. LFTs submit orders less frequently because of their
high fill rate (71%) and inventory ratio (94.9%). These features are consistent with a
buy-and-hold strategy. The four groups have the highest average order quantities, which
suggests the presence of institutional investors.

The number of stocks per VS used by each group varies substantially. HFT-MMs
assign the smallest number of stocks among the four groups which is seven stocks in
average. HFT-OPs assign 17 stocks per VS and they use 14 VSs which is the largest
operation in terms of multiple VSs usage.!? Whereas LFTs assign 347 stocks per VS and
handle orders of the broad-range of stocks submitted by many different types of investors.

1 QOur evidence that HFT-MMs and HFT-OPs show the same order submission level is different from
Hagstromer, Nordén, and Zhang (Hagstromer et al.) which analyze NASDAQ-OMX market in August
2011 and February 2012. The level of order submissions from market making HF T's represented 86% of
HFT orders submissions, while opportunistic HFT's represented 14% of them.

12The combination of 14 VSs and 17 stocks per VS allows them to trade 238 stocks simultaneously.
This number is close to 225 stocks in Nikkei Stock Average which is a popular index arbitrage strategy.
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In sum, our cluster analysis successfully separates out four groups with many dis-
tinguishing trading style characteristics. In addition to frequency of order submissions
(total as well as per stock), the fill rate, inventory and COR are substantially different.'3
The difference of the number of stocks per server indicates that the latency requirement
of the trading infrastructure is very different among four trader groups.

5 Hypotheses

In the following empirical section, we investigate the behavior of HF'T-MMs under differ-
ent market conditions. HFT-MMs have become the main liquidity provider in the TSE
but are not designated market makers. Therefore, their provision of liquidity can be
expected to decrease as price volatility increases, as suggested by the literature (Easley
et al. (2012), Ait-Sahalia and Saglam (2013), and Kirilenko et al. (2017)). This is an
important issue which requires empirical examination. Our data set allows us to examine
the relation between HF'T-MM’s actions and rapidly changing market conditions in our
sample periods. As we inspected in the previous section, HF'T-MM group satisfies many
important features of HFT-MM behaviors. Guided by the following recent theoretical
models, we attempt to find triggers of their decision-making with respect to information
available second-by-second from the market.

The literature suggests that there are two possibilities that HFT's utilize their speed
advantages. One possibility is that HFT-MMs behaviors are driven by price changes of
individual and an entire stock market. Biais et al. (2015) consider a setting in which a
HFT enjoys a speed advantage when gathering information. As Foucault et al. (2016)
suggest HFT can react to news faster than others. News reflect to prices of financial
assets. The other possibility is that they monitor order flow in the market. Ait-Sahalia
and Saglam (2013) suggest that HFT-MM engages liquidity provision with superior ability
of order flow monitoring and inventory risk management. We test the following four
hypotheses.

Hypothesis 1 High volatility leads to HF'T-MMs’ reduction in liquidity supply.

Kirilenko et al. (2017) have analyzed the 2010 Flash Crash in the United States and
find sell orders from HFT-MMs were the result of increased inventory. Ait-Sahalia and
Saglam (2013) suggest that higher volatility reduces the liquidity provision of HF T-MMs.

Hypothesis 2 HFT-MMs monitor and react to the order flow of stocks in their universe.

13Hagstromer, Nordén, and Zhang (Hagstromer et al.) assess order types from different trader groups
and they find, with respect to order cancellation rates, there are very small economic differences between
HFTs and non-HFTs in NASDAQ-OMX market.
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Ait-Sahalia and Saglam (2013) model HFT-MMs’ quote posting/cancellation behav-
ior. However, HFT-MMs act as a signal, with orders from other investors, especially

LFTs. In this case, order flow information is more important than price information.

Hypothesis 3 HFT-MMs monitor the price movements of stocks to be traded and submit

orders accordingly.
Hypothesis 4 HFT-MMs monitor inventory fluctuations due to trading.

The model of Ait-Sahalia and Saglam (2013) shows that HFT-MMs manage the risk
exposure of their inventory levels through high-frequency trading. This hypothesis can
complement Hypothesis 1.

The testing period covers the five days from May 20 to 24, 2013. We choose this
period because, in the first three days, stock prices are stable but, in the latter two days
(on May 23 and May 24), stock prices become very volatile as described in Section 3.1.
These periods are suitable to verify the hypotheses.

6 Empirical analysis

6.1 Comparison of the normal and volatile periods

First, we provide the results of the test for Hypothesis 1. Table 3 summarizes the de-
scriptive statistics of the four groups during the normal and volatile periods.

[Table 3 about here]

In both Panels A and B of Table 3, the number of new order submissions is larger than
in Table 2. The share of new orders from HFT-MMs is higher in the volatile period than
in the normal period. The order execution rate is slightly higher but the cancellation ratio
remains at the same level as in the normal period. We do not find any measures in Table 3
to support Hypothesis 1. The high volatility of May 23 and May 24 was probably caused
by the halt in trading of the government bonds futures market due to the introduction
of the Bank of Japan’s aggressive monetary policy. The source and nature of the price
swings was not stock market specific and differed from the situation in the Flash Crash
in 2010. HFT-MMs remain not only actively engaged in market making, but also behave
the same as during the normal period in terms of the cancellation ratio, the avoidance of
market orders, and so forth.

[Figure 4 about here]

13



It is interesting to note that the simultaneous increase in order submissions and can-
cellation suggest that HFT-MMs’ limit orders sit in the book for shorter times than
before. As Figure 4 shows, the limit order’s elapsed time between new order entry and
cancellation is 32.4 seconds in the normal period and 12.1 seconds in the volatile pe-
riod. In response to the fast-moving market in our sample, HF'T-MMs increased their
frequency of order management (new submission/cancellation cycle) to adapt to volatile
market conditions instead of withdrawing from the market.

6.2 Variable definitions for VAR estimation

To further investigate HFT-MMs’ decision making, we estimate a VAR model with
second-by-second data. Current super-fast trading infrastructures make fast and high-
frequent trading possible, with responses to event at the millisecond level. Our order
submission data therefore needs to be obtained at proper time intervals. The best way
to measure latency is the elapsed time between order entry and cancellation. Orders
cancelled within one second comprise 12.6% and 22.1% of all orders under the normal
and volatile periods, respectively. Therefore, we pursue the following analysis of HFT-
MMs’ trading decisions using second-by-second data. The universe of stocks comprises
269 firms traded by HF'T-MMs in the period from May 20 to May 22.

We first define the trading activity variables for HF'T-MMs. For each stock, we define
the following variables:

buyg yrprs The number of buy limit orders submitted by HFT-MMs at time s.

buys yrprs The number of buy limit order cancellations submitted by HFT-MMs at time
5.

The liquidity provision though HF'T-MMs’ buy limit orders can be triggered by the sell
orders of other investor groups. To examine this relation, we define the following:

sell? : The number of sell orders submitted by all investors other than HFT-MMs

s,other*

at time s.

We next define the order imbalance and inventory measures. Our imbalance measure is

defined as the difference between the numbers of buy and sell orders from all traders:
imbs = buy? — sell?. (8)
We also define an inventory measure, as follows:
invs pr = volume_buys prar — volume_sells par, 9)

where volume_buys par (volume_sells prar) is the number of purchases (sales) carried out
by HFT-MMs at time s. Therefore, nvs aras indicates the inventory change of HFT-MMs
per second. We further define two price variables. To examine the effect of price changes
in the entire stock market and in individual stocks, we define the following:
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fprices: The rate of change of the futures mid-quote (average of the bid and ask prices

for Nikkei stock index futures) at time s.

sprices: The average return from the previous day’s closing prices for the stocks in the
HFT-MM trading universe at time s.

We use the nearest contracts of Nikkei stock average futures for our futures prices traded
on the Osaka Exchange.

[Table 4 about here]

We first check stationarity. As summarized in Table 4, although two price variables,
fprice and sprice, cannot reject the null hypothesis of a unit root, the first differences,
A fprice and Asprice, can be rejected according to the Dickey—Fuller test. We also look at
the correlations between these seven variables, which are not tabulated here. Since three

n
other»

trade activity variables buy?,,,, buy$,,s, and sell are positively correlated (40.9% ~

42.2%), we use the first differences Abuyy,,,;, AbuyS,,,, and Asell?, . instead of buyy,,,,

other

n

oner» Tespectively, for our empirical model.

buyS, s, and sell
We now construct our empirical model using VAR. The VAR takes the following form:

Y =00+ B51Yso1 + Yoo+ ...+ BiYs + 1, (10)

where Y is a vector that represents trade activity, order imbalance, price, and inventory
and 7 is the error term. In the empirical estimation, we choose [ to be 15, the number of

lags in Eq. (10) by the Schwarz Bayesian information criterion.4

[Table 5 about here]

Table 5 presents pairwise Granger causality tests between the endogenous variables
of the VAR. The cell associated with the variable in row ¢ and column j shows the chi-
squared statistics and the significance of the test whose null hypothesis is that variable ¢
does not Granger-cause variable j. In Table 5, many endogenous variables Granger-cause

other endogenous variables. There is two-way causation between each pair of the variables

n

M hers imb, Afprice, and invyys in most cases. On the other

Abuyiya, AbuyS,, Asell
hand, for changes in the average return for stocks in the HF'T-MM universe, Asprice,
the null hypotheses cannot be rejected, indicating no causation between Abuy},,, and

Aprice.

4Since the slopes of the information criterion (as a function of lags) on the basis of the other criteria
are flat for greater lags, we use the Schwarz information criterion, which indicates shorter lags.
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To determine whether each variable is endogenous or exogenous, we further perform
block exogeneity tests to determine whether the lag of any variables Granger-causes any
other variable in the system. The results, not tabulated, indicate no endogenous variable
to be excluded from the VAR system. We therefore decide to use Abuyi;a;, AbuyS s,

Aselll, .., imb, A fprice, Asprice, and invy s in our empirical model.

[Table 6 about here]

Table 6 presents the correlation matrix of the VAR innovations. The correlation be-
tween Abuyy;, (AbuyS,,,) and Asell?,, .. is 0.315 (0.338). HFT-MMs increase their limit
buy orders (cancellations) when the other investor groups increase their sell orders. The
correlation between imb and invyps is —0.297, indicating that, when the buy (sell) order
exceeds the opposite side of the order, the inventory of HFT-MMs decreases (increases).
We also find that innovations in price and order imbalance are positively correlated, but
innovations in price and HFT-MM inventory are negatively correlated. When the stock

price falls, HF'T-MM traders increase their inventory.

6.3 VAR results

We now proceed with additional tests for Hypotheses 2 to 4, described in Section 5, using
the data for the normal and volatile periods.

[Table 7 about here]

Table 7 reports summary statistics for the endogenous variables of VAR system. We
present the statistics separately for the normal period (May 20 to May 22) and the volatile
period (during the afternoon trading sessions of May 23 and May 24). During the period
of large fluctuations, changes in the numbers of HF'T-MM orders and cancellations have a
larger standard deviation (3.7576 and 3.9789, respectively) than during a normal period
(2.1787 and 2.5230, respectively). The change in the numbers of sell orders by all groups
except for HFT-MMs also has a larger standard deviation during the period of wide
fluctuations. The mean order imbalance is negative (sell orders predominate) during the
normal period but becomes positive (buy orders predominate) during the volatile period,
when the variation in order imbalance also increases.

[Table 8 about here]
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[Table 9 about here]

Tables 8 and 9 present the estimated coefficients for the VAR for the period from May
20 through May 22, 2013 (normal period), and during the afternoon trading sessions of
May 23 and May 24, 2013 (volatile period), respectively. Significance is calculated from
Newey-West standard errors and asterisks indicate statistical significance at the 10% (*)
and 5% (**) levels.

6.4 IRFs

We next compute the IRFs for the endogenous variables. An IRF shows the impact
of the positive shock of one standard deviation of the time unit on one variable. We
orthogonalize the impulse using Cholesky decomposition of the residual covariance ma-
trix. Different orderings of the endogenous variables yield different IRFs. Chordia (2005)
chooses an ordering based on microstructure theory, where information or endowment
shocks affect prices and liquidity through trading. Accordingly, we first order the four

trading variables Abuyy . AbuyS,ay, Aselll,,.,., and imb; then the two price variables,
A fprice and Asprice; and, finally, set inventory invysy.

[Figure 5 about here]

Figure 5 shows the IRFs of the numbers of new limit buy orders and buy order
cancellations by HFT-MMs to a sell order shock from other trader groups for a period
of 20 seconds. Two standard error confidence bands from 500 runs of bootstrapping are
provided to gauge the statistical significance of the responses. In response to new sell
orders from others during the normal period, specified above, the number of HF'T-MMs’
new buy orders increases to 0.04 in three seconds. The number of HF'T-MMs’ buy order
cancellations increases to 0.04 in two seconds. In the case of a volatile period, such as
on May 23 and May 24, the new buy and cancellation responses increase to 0.1 and 0.2,
respectively. The response during the volatile period is two to five times that during the

normal period.

[Figure 6 about here]

Figure 6 shows the IRFs for the numbers of new limit buy orders and buy order
cancellations by HF'T-MMs to an order imbalance shock. HF'T-MMs’ new buy limit orders
do not show a significant response to an order imbalance shock, but their cancellation
rate is 0.1 units in two seconds. During the volatile period, the response of new buy
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orders is significantly positive and that of cancellations is initially significantly negative
(—0.13) at two seconds and then becomes significantly positive, at 0.3 units, in the next
second.

[Figure 7 about here]

Figure 7 show the IRF's of the numbers of new limit buy orders and buy order cancel-
lations by HF'T-MMs to a futures price shock. HFTs” new buy orders and cancellations
do not have significant responses to an innovation in stock index futures price. This result

confirms that price changes occur after order flow accumulation.

[Figure 8 about here]

Figure 8 shows the IRFs of the numbers of new limit buy orders and buy order
cancellations by HFT-MMs to an inventory shock. The inventory response to new buy
orders is not significant; however, that to their cancellation is significant during the
normal period but insignificant in the volatile period. HFT-MMs have superior inventory
management skills, such that the cancellation of buy orders during a falling market is
crucial.

We conclude from the evidence of the IRFs that HF'T-MMs react to order flow rather
than to price movements when deciding on their trading actions.

6.5 Interactions among four trader groups

In the previous section, we find the most influential variable for HFT-MMs’ order sub-
mission is the order flow from other groups. We next investigate the interactions among
four trader groups classified by cluster analysis. We are interested in the relation between
HFT-MM’s liquidity provision and the demand from other groups.'® To examine the in-
teractions, we further define sell{ | pr, sell{ ,pr, and sell{,p as the number of new sell
orders submitted by LFTs, MFTs, and HFT-OPs, respectively. We drop three variables:
1mb, Asprice, and invyy, from the equation used in Section 6.3.

[Table 10 about here]

15Hagstromer, Nordén, and Zhang (Hagstromer et al.) compare the aggressiveness of limit orders sub-
mitted by different trader groups and apply an ordered probit regression model to analyze determinants
of aggressiveness. But they don ’ t analyze the interaction of order submission decisions among trader
groups.
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[Table 11 about here]

Tables 10 and 11 show the estimated coefficients for the VAR analyses on the interac-
tions among four trader groups. Panel A is the results for the normal period (May 20 to
23, 2013) and Panel B those for the volatile period (during the afternoon trading sessions
of May 23 and 24, 2013).

Under normal market conditions, the second-by-second changes in buy orders from
HFT-MMs have a strong positive relation with those in sell orders from LFTs up to
14 lags. This indicates that HF'T-MMs are constantly accommodating order flow from
LFTs. However, their actions are unrelated to those of MFTs and HFT-OPs. They have
a positive correlation with futures price innovations at the lag of 3 and 7. These results
are consistent with the prediction of Ait-Sahalia and Saglam (2013) model (Hypothesis
2). The changes in sell orders from HFT-MMs have almost identical relation with those
of sell orders from LFTs up to 15 lags, while their relations with sell orders from MFTs
and futures price changes are weak.

The estimates of HF'T-OPs show strikingly different interaction. Their sell orders are
unrelated to buy orders from HFT-MMs and have positive correlations only with sell
orders from LFTs at lag 1 and those from MFTs at lag 14. Their actions are, however,
more often positively correlated with past futures price innovations. Their behavior looks
like positive feedback (price chasing) type of trading strategy.

Although sell orders from LFTs are related to those from HFT-OPs and MFTs at
some lags, they are unrelated to actions of HFT-MMs. Ssecond-by-second movements
are too fast for LFTs. Similar to sell orders from HFT-MMs, those from MFTs show a
positive relation with those from LFT at the lags up to 10 seconds and same relation
with those from HFT-OPs at the lags up to two seconds. The behavior of MFTs has
same similarity to that of HF T-MMs.

Under volatile market conditions, estimated relations differ from those under normal
condition in several points. Buy (sell) orders from HFT-MMs show a positive relation
with sell orders from HFT-OPs at the lag of nine and 10 (at the lag up to 12). Those
relations do not exist under the normal conditions. In the volatile period, HFT-MMs
place sell orders as HF'T-OPs do and react to the price information from futures market
more promptly. On the other hand, the actions of LFTs are totally unrelated to those
of other traders and they have a positive relation with futures price with more than 10
seconds delay.

In sum, these results suggest that HF'T-MMs adjust their order submissions according
to the orders from LFTs, and HFT-OPs are sensitive to price changes rather than order
flows from other groups. Under volatile periods, the behavior of LFTs are totally unre-
lated to those of other traders, but they have a positive association with futures price
with delays.
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7 Conclusion

In this research, we use vertical server identifications to identify participants of the TSE
and identify HF'Ts with similar behavioral characteristics through cluster analysis. We
select four proxy variables: the inventory ratio, the order cancellation ratio, the order
frequency, and the number of stocks per server. The first two variables, such as high
cancellation and low inventory ratios, are the most commonly acknowledged features of
HFT-MMs. The latter two variables highlight the importance of the ability to trade at
high frequencies and quickly. The combination of these four variables successfully finds
a group of traders matching the key HF'T-MM characteristics. These are differentiated
from other fast traders by their exclusive usage of limit orders. We conduct a comparative
analysis of trading behaviors between the calm and volatile periods. In the volatile
period, HFT-MMs place more orders than in the normal period and keep equivalent
order execution rate. This suggests the simultaneous increase in order submissions and
cancellation. It means that HF'T-MMs’ limit orders sit in the book for far-shorter times
than before. The limit order’s elapsed time between new order entry and cancellation
is 32.4 seconds in the normal period and 12.1 seconds in the volatile period. Orders
cancelled within one second increases to 22.1

Upon investigation of HFT-MM trading decision makings, we estimate a VAR model
with 15 lags with second-by-second data and generate IRFs to identify whether order flow
or price/quote information triggers HFT-MMs’ trading actions. Our results suggest that
HFT-MMs respond to the order flow of other participants and order flow imbalance more
than to the price/quote movement of index futures or individual stocks in their universe.
During times of high volatility, HFT-MMs respond with greater magnitude and more
quickly to such information. HFT-MMs remain liquidity providers in the market during
both periods. The interactions among trade groups suggest that HF'T-MMs adjust their
order submissions according to order flow from LFT, and HFT-OPs are more sensitive
to price changes rather than order flow from other groups.
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Figure 1: Nikkei 225 index futures on the Osaka Exchange from May 20 to May 24, 2013
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Note: The minute-by-minute evolution of the mid-quote of Nikkei 225 futures from May 20 through May 24, 2013, excluding times before
opening in the morning and afternoon. The data set is from Osaka Exchange.



Figure 2: Example of merging VSs into one trading desk

Action Ol VS
Set a limit order 10 1
Change a limit price 10 1
Set a limit order 11 7
Execute a limit order 10 5
Cancel a limit order 11 9

T vS:1and VS5

: are used by the same trader.

’

,‘,>'~\ VS:7 and VS:9

" are used by the same trader.

Note: This figure shows an example of merging VSs into a single TD.
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Figure 3: Dendrogram
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Note: This figure shows the dendrogram for the classification of TDs using Ward’s method. The dendrogram is a tree diagram obtained
by the hierarchical clustering. Trading desks are split into 10 groups, depicted by boxes in dashed lines. The numbers 1 to 10 on
the horizontal axis represent the trader group being classified. The data set cover the period from May 20 through May 22, 2013.
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Figure 4: Elapsed times until execution and cancellation, May 22 to May 23, 2013
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Note: This figure shows the elapsed times of limit orders (in units of seconds) between new order entry and execution (blue line) and
between new order entry and cancellation (grey line). The horizontal axis shows the time and the data set cover May 22 and May
23, 2013.



Figure 5: Response to a sell order shock from others

(a) Response of Abuyf;,, to (b) Response of Abuyf,, to
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Note: This figure shows the IRFs of (a) the number of new limit buy orders by HFT-MMs
and (b) the number of buy order cancellations by HFT-MMs to a sell order shock from
other traders. The upper panels are for May 20 through May 22, 2013, and the lower
panels are for during the afternoon trading sessions of May 23 and May 24, 2013.
The mean impulse response is shown in black. The dashed lines mark a pointwise
95% credible interval around the median based on 500 runs of bootstrapping.
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Figure 6: Response to an order imbalance shock
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Note: This figure shows the IRFs of (a) the number of new limit buy orders by HFT-MMs
and (b) the number of buy order cancellations by HFT-MMs to an order imbalance
shock. The upper panels are for May 20 to May 22, 2013, and the lower panels are
for during the afternoon trading sessions of May 23 and May 24, 2013. The mean
impulse response is shown in black. The dashed lines mark a pointwise 95% credible
interval around the median based on 500 runs of bootstrapping.
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Figure 7: Response to a futures price shock
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Note: This figure shows the IRFs of (a) the number of new limit buy orders by HFT-
MMs and (b) the number of buy order cancellations by HFT-MMs to a futures price
shock. The upper panels are for May 20 to May 22, 2013, and the lower panels are

for during the afternoon trading sessions of May 23 and May 24, 2013. The mean

impulse response is shown in black. The dashed lines mark a pointwise 95% credible

interval around the median based on 500 runs of bootstrapping.
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Figure 8: Response to an inventory shock
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Note: This figure shows the IRFs of (a) the number of new limit buy orders by HFT-
MMs and (b) the number of buy order cancellations by HFT-MMs to an inventory
shock. The upper panels are for May 20 to May 22, 2013, and the lower panels are
for during the afternoon trading sessions of May 23 and May 24, 2013. The mean
impulse response is shown in black. The dashed lines mark a pointwise 95% credible
interval around the median based on 500 runs of bootstrapping.
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Table 1. Descriptive statistics of the trading behaviors for groups classified by Ward’s method

Group New Action Action/ Filled Filled/ COR Orde.r Market Vs Stocks/ Inventory trading

number order stock new order quantity order VS desk
1 2,733 9,198 138 2,125 103% 8% 803 278 2 38 70.5% 49
2 10,880 21,981 428 1,001 23%  85% 3,567 2 17 5 62.9% 5
3 20,442 25,183 115 13,462 66% 6% 840 3,143 1 224 72.2% 5
4 19,675 35,783 184 9,712 51%  55% 176 371 5 54 99.5% 45
5 393,034 453,318 865 98,095 1% 10% 201 12,886 12 21 62.7% 3
6 3,523 6,504 153 2,524 56%  42% 534 191 7 7 98.4% 9
7 87,499 161,954 229 24,500 26%  80% 910 541 18 38 30.1% 7
8 20,056 27,538 250 17,369 87%  46% 2,181 2 11 6 8.0% 9
9 148,792 274,893 1,262 25,388 10%  91% 407 0 11 13 6.2% 5
10 7,607 13,854 2,537 1,519 25% 8% 305 0 3 2 11.6% 7

Note: This table shows the trading characteristics for 10 trader groups identified by cluster analysis. All variables are expressed as averages
per TD per day during the period from May 20 through May 29, 2013. Here, new order is the number of new order submissions,
action is the total number of order messages, action/stock is the number of order messages per stock traded by TD, filled is the
number of executed orders, filled/new order is the fraction of filled orders to new orders as a percentage, COR is the fraction of
orders cancelled to new orders as a percentage, order quantity is the average number of shares per order, market order is the number
of market orders, VS is the average number of VSs used by a TD, stocks/VS is the number of stocks traded through one VS used
by a TD, inventory is the inventory at the end of the day, and trading desk is the number of TDs in each group. The computational

details are given in the main text.
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Table 2. Descriptive statistics of HFT-MMs, HFT-OPs, MFTs, and LFTs (May 20 to May 22)

Average
. . 1 .
New Action Action/ Filled Filled/ COR order Market Vs Stocks/ Tnventory trading
order stock new order . order VS desk
quantity
HFT-MM 66,434 122,620 1,768 11,464 19%  83% 347 0 6 7 9.4% 12
HFT-OP 84,438 118,807 373 26,130 50%  59% 1,851 1,770 14 17 32.7% 24
MFT 10,677 20,791 168 5,845 6%  30% 521 442 3 50 85.0% 108
LFT 4,159 7,298 19 2121 1%  31% 1,695 214 2 347 94.9% 2,177

Note: This table shows the trading characteristics for the four groups: HFT-MMs, HFT-OPs, MFTs, and LFTs. All variables are expressed
as averages of the numbers of members in each group during the period from May 20 through 22, 2013. Here, new order is the
number of new order submissions, action is the total number of order messages, action/stock is the number of order messages per
stock traded by TD, filled is the number of executed orders, filled/new order is the fraction of filled orders to new orders as a
percentage, COR is the fraction of orders canceled to new orders as a percentage, order quantity is the average number of shares
per order; market order is the number of market orders, VS is the average number of VSs used by a TD, stocks/VS is the number
of stocks traded through one VS used by a TD, inventory is inventory at the end of the day, and trading desk is the number of TDs
in each group. The computational details are given in the main text.
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Table 3. Descriptive statistics of HF'T-MMs, HFT-OPs, MFTs, and LFTs in volatile periods

Panel A: May 23

. . Average .
ijflg Action Ascttcizll{l/ Filled njv&lfusf({er COR orde.r l\ij:il;ft VS St(\)/cé{s/ Inventory trgjslllzg
quantity
HFT-MM 139,449 253,256 3,639 27,899 22%  79% 280 0 6 6 6.6% 12
HFT-OP 129,769 201,705 615 51,077 47%  59% 1,305 2,795 15 17 37.7% 24
MFT 19,439 39,571 253 11,745 83%  28% 543 663 4 52 61.8% 108
LFT 7,222 12,751 30 3,467 80%  32% 2,124 279 2 383 91.3% 2,177
Panel B: May 24
. . Average .
New . Action . Filled Market Stocks trading
order Action Stock/ Filled Hew ord/er COR orde.r order VS Vs / Inventory deskg
quantity
HFT-MM 208,109 388,672 5,568 29,878 21%  81% 290 0 6 7 6.7% 12
HET-OP 125,908 197,296 661 45,065 3%  51% 1,796 2,458 15 15 35.3% 24
MFT 17,053 37,253 259 9,762 84%  26% 479 574 4 56 58.7% 108
LET 7,931 14,799 35 3,141 %  32% 1,888 282 2 384 91.0% 2,177

Note: This table shows the trading characteristics for four groups:

HFT-MMs, HFT-OPs, MFTs, and LFTs. All variables are expressed

as the averages of the members in each group. Panel A shows the statistics for May 23 and Panel B those for May 24, 2013. Here
new order stands for the number of new order submissions, action is the total number of order messages, action/stock is the number
of order messages per stock traded by TD, filled is the number of executed orders, filled/new order is the fraction of filled orders

to new orders as a percentage, COR is the fraction of canceled orders to new orders as a percentage, order quantity is the average
of number of shares per order, the market order is the number of the market order, VS is the average number of VSs used by the
TD, stocks/VS is the number of stocks traded through one VS used by a TD, inventory is the inventory at the end of the day, and
trading desk is the number of TDs in each group. The computational details are given in the main text.



Table 4. Unit root test

buyiy buySy s selllyer imb fprice sprice imbyrv
Level —23.473** —29.889** —26.466* —43.333** —3.305 —3.0245 —35.295**
First difference —53.791"*  —69.815**

Note: This table shows the Dickey—Fuller statistics and p values of augmented Dickey—
Fuller tests. The null hypothesis is the presence of a unit root. The variables for
this tests are the number of new limit buy orders by HFT-MMs, buy},,; the number
of cancellations of buy orders by HFT-MMs, buy$,,,; the number of new limit buy
orders by groups other than that of HF'T-MMs, sell?,, ...; marketwide imbalance, imb;
the rate of change of the futures mid-quote, fprice; the average return for stocks in
the HF T-MM trading universe, sprice; and the inventory held by HFT-MMs, invyss.
All variables are computed for second-by-second observations. The sample period is
from May 20 to May 29th, 2013. Asterisks indicate statistical significance at the 10%

(*) and 5% (**) levels.

35



Table 5. Granger causality test

Abuyiy  AbuyS;y  Asellly., imb  Afprice Asprice  invpg

Abuyiy v 6.276* 23.06™  9.351™  3.086"  0.838 3.486**
AbuySy,, — 4.641%F 48.81*  31.64™ 13.66™  2.658" 10.17*
Asellly,.,  5.379* 1.317 37.84  8.356*  6.072**  3.302*
1mb 1.572* 1.503* 2.134* 9.262**  0.718 5.451*
Afprice  2.916** 27.61* 134.4*  706.6** 5.873*  275.6™
Asprice 0.892 0.631 2.379*  46.91""  66.63* 4.367

invMM

2.065™ 2.411* 1.960*  13.13** 18.16™  9.730*

Note:

This table shows the chi-squared statistics and p values of pairwise Granger causality
tests between the endogenous variables of the VAR. The null hypothesis is that the
row variable does not Granger-cause the column variable. The endogenous variables
are the change in the number of new limit buy orders by HFT-MMs, Abuy};,,; the
change in the number of cancellations of buy orders by HFT-MMs, Abuy$,,,; the
change in the number of new limit buy orders by groups other than the HFT-MMs,
Asell?,; .; marketwide imbalance, imb; change in futures prices, A fprice; change
in the prices of individual stocks, Asprice; and the inventory held by HFT-MMs,
invprpg. All variables are computed for second-by-second observations. The sample
period is from May 20 to May 29, 2013. Asterisks indicate statistical significance at

the 10% (*) and 5% (**) levels.
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Table 6. Correlation matrix of VAR innovations

Abuyiy  AbuyS,  Aselll,.. imb  Afprice  Asprice invyy
AbuyR s 1.000
AbuyS s 0.380 1.000
Aselll,.. 0.315 0.338 1.000
imb 0.064  —0.074 —0.284  1.000
A fprice 0.008 0.016 0.078  0.142 1.000
Asprice 0.002  —0.002 —0.015  0.016 0.004 1.000
NV M 0.030 0.004 0.111 -0.297 —0.060 —0.010  1.000

Note: This table shows the correlations between VAR variables: the change in the number of

new limit buy orders by HF'T-MMs, Abuy},,; the change in the number of buy order

cancellations by HFT-MMs, Abuy$,,,; the change in the number of new buy orders

by groups other than the HFT-MMs, Asell

n .
other’

marketwide order imbalance, imb;

change in futures prices, A fprice; change in the prices of individual stocks, Asprice;

and change in inventory held by HFT-MMs, invysps. All variables are computed for

second-by-second observations.
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Table 7. Statistics

of endogenous variables

Afternoon trading of May 23 and May 24

Number of observations: 17,966

May 20-22

Number of

Mean

Abuyi;,,  —0.000167
AbuySyar 0.001002
Aselll,.. 0.005343
imb —0.125385
Afprice 0.000038
Asprice  0.00000010
NV —0.002245

observations: 53,898
SD Max
2.1787 25
2.523 41
10.4007 274
12.6161 563
0.00794 0.06549
0.00278  0.0146
1.293 23

Min
—27
—44
—301
—561

—0.06549

—0.0143
—19

Mean SD Max
—0.000390  3.7576 26
0.000612  3.9789 31
0.005176 18.8705 229
0.133920  24.232 317
—0.000471 0.03152 0.29905
—0.0000041 0.00178 0.00867
0.046254  3.1061 58

Min

—27

—25
—145
—379
—0.59722
—0.00832
—64

Note: This table reports the mean, standard deviation (SD), maximum value (Max), and
minimum value (Min) for the endogenous variables of the VAR system: the change
in the number of new limit buy orders by HFT-MMs, Abuyj;,,; the change in the
number of cancellations of buy orders by HFT-MMs, AbuyS,,,; the change in the

number of new limit buy orders by groups other than the HFT-MMs, Asell?,, .. ;

marketwide imbalance, imb; change in futures prices, A fprice; change in the prices
of individual stocks, Asprice; and the inventory held by HF T-MMs, invys ;. The four
most columns present statistics for May 20 through May 22, 2013, between 9:00:17
and 11:30:00 and between 12:30:17 and 15:00:00. The four rightmost columns present
statistics for May 23 and May 24, 2013, between 12:30:17 and 15:00:00. All variables
are computed for second-by-second observations.
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Table 8. Estimated coefficients of the VAR system in the normal period

Abuy?ing —1 —2 -3 —4 -5 —6 -7 -8 -9 —10 —11 —12 —13 —14 —15
Abuyiny | —0.77038%  —0.65484  —0.57585"  —0.51864"  —0.45192" —0.38894” —0.35149" —0.31035 —0.28342" —0.24909" —0.20622" —0.16799" —0.12621""  —0.0926"  —0.04912"
Abuyfyy | —0.01016  —0.03739*  —0.04005"  —0.05922*  —0.05155"*  —0.05104**  —0.06113*  —0.05565" —0.05699"*  —0.05778"  —0.04502*  —0.03323*  —0.02557"* —0.02129"*  —0.01493*
Asell,,, 005349  —0.04581  —0.01065  —0.06326  —0.03231  —0.02106  —0.02207  —0.02563 —0.0992*  —0.10334"  —0.10482  —0.10278*  —0.09022"  —0.05604"  —0.03274
imb 0.04739 0.02283 0.07066 0.09295* 0.10902* 0.0593 0.07982 0.01208 0.00391 0.0398 0.01574  —0.00538 0.05435 002331  —0.00961
Afprice | —0.00003  —0.000061* —0.000069°  —0.00007* —0.000065  —0.00006  —0.000038  —0.000033  —0.000047  —0.000029 0.000008 0.00002 0.000025 0.000037 0.00004*
Asprice | —0.000004  —0.000004  —0.000015*  —0.000009  —0.000002  —0.000007  —0.000009  —0.000009  —0.000003  —0.000002  —0.000001  —0.000002  —0.000004  —0.000007  —0.000008
invay —0.00128 0.00004  —0.00198 0.00094 0.0023 0.00069 0.00592 0.00126 0.0002  —0.00292  —0.00737  —0.00895  —0.00751  —0.00339  —0.00161
Abuy{ng —1 —2 -3 —4 -5 -6 -7 -8 -9 —10 —11 —12 —13 —14 —15
Abuyl 0.00894" 0.00954 000067  —0.00212  —0.00113  —0.00418  —0.00221  —0.00894  —0.00504  —0.00705  —0.00862  —0.00531 —0.0063  —0.00778 —0.0047
Abuylryy | —0.71392%  —0.59779™  —0.51468"  —0.43881"*  —0.38236"*  —0.32965™  —0.27742"  —0.24198"  —0.20458"  —0.16737* —0.12755"  —0.10231*  —0.07804"*  —0.0507"*  —0.02335"
Aselll e 007253 0.11811**  0.06579* 0.05518 0.07278* 0.04243 0.04303 0.04918 0.0634 0.05204 0.06919 0.08656*  0.07489"*  0.07759**  0.06904*
imb —0.02018  —0.00418  —0.01903  —0.05512  —0.05351  —0.04389  —0.03496  —0.00538  —0.05206  —0.06691 ~ —0.06795  —0.04889  —0.07014  —0.03584  —0.02422
Afprice | —0.000146%  —0.000132* —0.000127"* —0.000111** —0.000088"* —0.000089™* —0.000113* —0.000087** —0.000079"* —0.000073*  —0.00007** —0.000072* —0.000067** —0.000064** —0.000061**
Asprice —0.00001**  —0.000012**  —0.000006  —0.000002  —0.000006 0.000003 0.000002 0.000002  —0.000002  —0.000003  —0.000008  —0.000007 0.000000 0.000000  —0.000003
inva —0.00118 0.00117 0.00337 0.00184 0.00263  —0.00002 0.00056  —0.00019 000388  —0.00236 —0.0038  —0.00441  —0.00539  —0.00475  —0.00247
Asell,,, —1 —2 -3 —4 -5 —6 -7 —8 —9 —10 —11 —12 —13 —14 —15
Abuyiag 0.0034"  0.01043™  0.00643"  0.01064"  0.00872  0.00614™  0.00672"  0.00639* 0.0058"  0.00368™  0.00397*  0.00223 0.00321"  0.00258  0.00202*
AbuySy, 0.00589*  0.00967**  0.00463* 0.00429* 0.00294 0.00264 0.00155 0.00088 0.0003  —0.00073 —0.0014 —0.003  —0.00173  —0.00096  —0.00083
Asell?y,, | —0.68936"  —0.58516™  —0.52313"  —0.45877"*  —0.40898"* —0.36616™  —0.33022*  —0.20822"*  —0.25389""  —0.20916™ —0.17942*  —0.15336* —0.12188"  —0.09834**  —0.04677**
imb —0.00611 —0.0078  —0.00131  —0.00229  —0.00945  —0.01343  —0.01753  —0.00665  —0.01014  —0.01382  —0.00721  —0.00655  —0.00363  —0.00955  —0.00655
Afpr 0.000044*  0.000033*  0.000039*  0.000041**  0.000034**  0.000032**  0.000033**  0.000027*  0.000021**  0.000025"*  0.000013 0.000014*  0.000012*  0.000009*  0.000006
Asprice —0.00001**  —0.000015*  —0.000016"* —0.000017** —0.000017* —0.000016** —0.000015** —0.000015" —0.000014** —0.000014* —0.000011** —0.000009** —0.000006"* —0.000004** —0.000003**
invay —0.00065  —0.00107 —0.0016  —0.00126 —0.0015  —0.00068  —0.00123  —0.00044 0.00046 0.00018 0.000000 0.00046 0.0004 0.00024 0.0007
imb —1 —2 -3 —4 -5 -6 -7 -8 -9 —10 —11 —12 —13 —14 —15
N 0.00149  —0.00001  —0.00089 0.0003  —0.00073 —0.0003 —0.0023"  —0.00033 —0.0008  —0.00051 —0.0024*  —0.00121  —0.00168"" 00011 —0.00124
Abuypny | —0.00009 0.00758"  0.00155 0.00165 0.00084 0.0031*  —0.00067 —0.0002  —0.00048  —0.00098 —0.0009 —0.0002 0.00016 0.001 —0.0004
Asellly,, | —0.02442%  0.01015* 0.00269 0.00076  —0.00589 0.00634 0.00258 0.00099 0.00139 0.00393 0.00002 0.00661* 0.00763*  0.00711 0.0035
imb 0.21764*  0.03036**  0.04483"  0.03164"  0.02024**  0.02782"  0.01827**  0.01453*  0.01945**  0.02536"  0.01247**  0.01489*" 0.0054 0.0178** 0.0228"*
Afprice 0.000139**  0.000001 0.000002  —0.000002  —0.000002 0.000004 0.000001 0.000003 0.000003 0.000000  —0.000004 0.000000  —0.000003  —0.000004  —0.000009**
Asprice 0.000002**  0.000000 0.000000 0.000002**  —0.000001 0.000001 0.000002**  0.000000 0.000000 0.000002"*  0.000000 0.000000 0.000000 0.000000 0.000000
inva 0.00288*  0.00024  —0.00025 0.00052 0.00054  —0.00044  —0.00014 0.00115*  0.00012  —0.00089" 0.00015  —0.00004 0.00004 0.00063  —0.00039
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Table 8. Estimated coefficients of the VAR system in the normal period—continued

Afprice -1 ) =3 4 =5 =6 -7 -8 -9 ~10 —11 12 “13 14 “15
Abuyly | —0.20654 0.81556 1.8971* 0.83072 0.41264 0.61507 31354  —0.20635  —0.37519  —0.53753 1.887" 039679 —0.38229 0.13057 1.0638
AbuySyy, 1.2483 2.3203* 1.5563 11676 2.3428* 0.25014 0.7161 2.0964* 1.6783 1.2354 26851 1.6447 —1.2365 0.04818 0.9299
Asell,,. | —8.2441 ~1.269 0.27987 ~3.9919 —9.3792" —5.622 6.5537 0.59952 ~10.197" ~6.88 10219 —17.093*  —17.531*  —0.0466*  —3.2397
imb 25.201%* 8.3779 7.6506 9.3751 3.2804 41373 46220 —0.85258 —8.6423 8.0656 0.46099 3.5876 26588 —12.482 0.72823
Afprice | —0.15673"  —0.11394* —0.070599"* —0.050055" —0.051093* —0.031218* —0.030545* —0.036113" —0.026188" —0.030099* —0.020762* —0.026481** —0.008152  —0.019301** —0.020015*
Asprice | 0001811 0000824  —0.000287  0.000957  —0.001074  0.001533  0.000432  0.001864*  —0.00099  —0.00002 —0.000858  —0.001107  0.001951*  0.001302  —0.001351
v —1.2984  —0.20728 0.86336 —1.8553  —0.47533 0.2397 056568  —0.05953 0.08405 036448  —0.97224 0.64907 0.56588  —0.09309  —0.31943
Asprice —1 —2 -3 —4 -5 —6 -7 -8 —9 ~10 -1 —12 —13 —14 —15
Abuyiy | —4.2631 2.2547 74352 0.87231 1.8349 2.391 5.0464 7.6329 10.196 6.1975 2.8083 24194 3.1327 6.4217 2.9342
AbuyS,, | —8.0505%  —2.1749 —2.5483 —4.8744 0.86122 44634 59934 10.000000 7.1424 9.2015 9.0015 7.0547 8.9768 12,164 6.2072
Aselly,, | —40.401° 29716 14103 —0.89226 —5.2439 24.707 54.334* 96.153* 88.879%* 71.078* 54.317* 36.496 65.886 65.755" 44.059"*
imb 24.416 57.26* 68.283 25.882 19.889 47,684 6.2032 27.285 2.1396 —17.584 —37.228 —43.194 —25.005 —34.723 —24.393
Afprice | 0016996 0019669 0022377 0008044  —0.000877  0.001002  —0.017044  —0.003567  0.010588  0.002904 0.012018  —0.001446  0.001355 0.010754  0.016537
Asprice | —0.85251"  —0.76442"  —0.67486"  —0.61994"  —0.55501** —0.47896*  —0.4436* —0.40109  —0.33743*  —0.30404" —0.26525"  —0.19932*  —0.16884**  —0.12422* —0.048377"
v —0.35088 1.0719 0.46214 —1.6663 —5.8072 —4.8429 —4.9681 —6.3822 —6.6278 —4.2877 —3.4499 —4.0934 ~1.25 0.1345 2.3614
v -1 -2 -3 —4 —5 —6 -7 -8 -9 ~10 —11 12 “13 14 “15
Abuyl 000892  —0.01637"  —0.0071  —0.00561 0.00395  —0.01358"  —0.00498  —0.00837  —0.00044  —0.00173  —0.00628  —0.00902 20001 —0.01144*  —0.00496
AbuySyn, 0.03275  —0.01129 0.01888*  0.00371 0.00985 0.00267 000244  —0.00764 0.02032%  —0.00191  —0.01761*  0.00223 0002  —0.00237 0.00046
Asellty,. | 0.12419%  —0.00303 001158  —0.04445  —0.06015*  —0.00274  —0.01272 0.05051* 0015  —0.07407"  0.00735  —0.02337 001220  —0.03329 0.01936
imb —0.05833  —0.07089  —0.03064 0.03102 0.08709  —0.08767  —0.01927 0.03007 001402  —0.05351 0.00763 —0.0093  —0.00836 0.00497 0.04138
Afprice | —0.000244*  0.000047  —0.000048  —0.000015 0.000041  —0.000002  —0.000031 0.00003  0.000024  —0.000034 0.000022  0.000055* —0.000022 0.000024  —0.000049*
Asprice | —0.000005  —0.000004  0.000007  0.000007  —0.000013* 0.00001  —0.000002  —0.000012* —0.000004  0.000012* —0.000007  0.000014*  0.000006  —0.000005  0.000000
v 016918 0.08055  0.04991*  0.05111%  0.02617*  0.02020*  0.03247* 0.0295*  0.01283  0.01585"  0.02056*  —0.0004 0.01619%  0.01936™  0.01077*

Note: This table presents the estimated coefficients for the VAR from May 20 through May 22, 2013.

The endogenous variables of the
VAR system are the change in the number of new limit buy orders by HFT-MMs, Abuy},,,; the change in the number of buy order
cancellations by HFT-MMs, AbuyS,,,; the change in the number of new sell orders by groups other than the HFT-MMs, Asell,; ..;
marketwide order imbalance, imb; change in futures prices, A fprice; change in the prices of individual stocks, Asprice; and change
in the inventory held by HFT-MMs, invyps. Estimates are computed for second-by-second observations. The significances are
calculated from Newey—West standard errors. Asterisks indicate statistical significance at the 10% (*) and 5% (**) levels.
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Table 9. Estimated coefficients of the VAR system in the volatile period
-1 -2 -3 —4 -5 —6 -7 -8 -9 —-10 —11 —12 —13 —14 —15
—0.8718 —0.71387 —0.67074 —0.56833 —0.53776 —0.46348 —0.42287 —0.35507 —0.31459 —0.25217 —0.22016 —0.18534 —0.16498 —0.10727 —0.06264
Yirar —0.01812* —0.01413 —0.04398"  —0.03903**  —0.04307*  —0.04638"* —0.0407*  —0.02817** —0.0339"  —0.03055"  —0.03186"  —0.03515"*  —0.03485**  —0.03063"*  —0.03039**
Asellle, —0.069"*  —0.14532**  —0.16018*  —0.14584*  —0.19064**  —0.28227*  —0.31814**  —0.33681** —0.38225 —0.326"  —0.33069**  —0.45489 —0.45361 —0.27434 —0.17305**
imb 0.08542** 0.11335** 0.17405** 0.12354** 0.19899** 0.23308** 0.11391* 0.06359 0.07198 0.25413** 0.10262* 0.33945** 0.30802** 0.18665** 0.09659**
Afprice —0.000126* —0.000121**  —0.00019** —0.000078** —0.000088"* —0.000035 0.000022 0.000087** 0.000112** 0.000041 —0.000023 0.000005 0.000054*  —0.000161**  —0.00011**
Asprice —0.000002 —0.000001 —0.000002 —0.000004 0.000002 0.000006 0.000000 —0.000012 —0.000008 —0.000004 —0.000002 —0.000001 —0.000011 —0.00001 —0.000004
MU M 0.00337 0.00651 0.00298 0.00033 —0.01708**  —0.02536"*  —0.01681**  —0.01985"*  —0.01338** —0.0235** 0.00453 0.00294 —0.00775 —0.00589 0.00245
Abuyfng -1 -2 -3 —4 -5 —6 -7 -8 -9 -10 —11 —12 —13 —14 —15
Abuyiay 0.00702 0.03204* 0.01043* —0.00714 —0.00008 0.007 0.0092 0.00565 —0.01982*  —0.00425 —0.00293 0.00543 0.00005 0.0114** 0.01279**
Abuy§y s —0.79252 —0.66869 —0.59477 —0.53614 —0.46974 —0.402 —0.35279 —0.31625 —0.28533 —0.22868 —0.19441 —0.1542 —0.13046 —0.07881 —0.02921**
Asellly.. 0.04113 0.04715 0.01717 0.00842 0.10284** 0.09397** 0.07818* 0.05944 —0.00486 0.10285** 0.08343* 0.16416** 0.16484** 0.08207** 0.09766**
imb 0.00982 0.00265 —0.07679 —0.16541** —0.09367 —0.15883"  —0.14691 0.00004 0.01714 —0.04198 —0.01022 —0.12595"  —0.11563"* —0.07198* —0.02572
Afprice —0.000644 —0.000579 —0.000462 —0.000625 —0.00051 —0.000421 —0.000391 —0.000372 —0.000287 —0.00011**  —0.00001 0.000003 0.000107** 0.000112** 0.000093**
Asprice 0.000004 —0.000001 0.000005 0.000004 0.000000 0.000003 0.000004 0.000000 —0.000002 0.000000 —0.000004 —0.000007 —0.000002 —0.000002 —0.000002
UM 0.00434 0.01126** 0.01867** 0.019** 0.02154** 0.03726 0.03024** 0.02089** 0.00522 0.00424 —0.00329 —0.00451 0.00141 0.00216 0.0029
Asell’y,, —1 —2 —3 —4 —5 —6 -7 -8 —9 —10 —11 —12 —13 —14 —15
Abuyiay 0.00735** 0.01569 0.00987** 0.0122** 0.00964** 0.0127* 0.00966** 0.01099** 0.00927** 0.00916** 0.00737** 0.0051** 0.00289** 0.00427**  —0.00187*
Abuyfy, 0.01468** 0.01414* 0.00811** 0.00681** 0.00387 0.00373 0.00575** 0.00378 0.00477** 0.00382* 0.00184 0.00279 0.00224 0.00037 —0.00077
Asell?,.. —0.64793 —0.52971 —0.48636 —0.43716 —0.37072 —0.32912 —0.28453 —0.24518 —0.19335 —0.17804 —0.14103 —0.1073 —0.07454* —0.05626"* —0.0428**
imb 0.00217 —0.03588** —0.0318"  —0.03088"  —0.03965"*  —0.02847**  —0.00451 —0.01994 —0.02558* —0.03014**  —0.01728 —0.03817**  —0.03518"*  —0.01528* —0.0126*
Afprice 0.000166 0.000147 0.000128 0.000118 0.000108 0.000102 0.000091 0.000062** 0.000052** 0.000044** 0.000037** 0.000005 —0.000014**  —0.000003 0.000003
Asprice 0.000005* 0.000006** 0.000006** 0.000007** 0.000006** 0.000005* 0.000006™ 0.000006** 0.000006™ 0.000005* 0.000005** 0.000004** 0.000003* 0.000001 0.000001
MU M —0.00214**  —0.00203**  —0.00102 —0.00097 0.00309** 0.00042 —0.00017 0.00203* 0.00027 0.00054 —0.0007 0.00104 0.00014 —0.00163** 0.00032
-1 -2 -3 —4 -5 —6 -7 -8 -9 -10 —11 —12 —13 —14 —15
0.00648* —0.00256** 0.0025*  —0.00498** —0.00006 —0.00112 —0.00191**  —0.00289** —0.00014 —0.00232**  —0.00268**  —0.00147* —0.00036 —0.00059 —0.0009
—0.00675** 0.00833** 0.00251** 0.001 0.00151 0.00204* 0.00047 —0.00102 0.00011 0.00124 —0.00118 0.00003 —0.00117 0.0001 —0.00206**
Asellly.,. —0.03753**  —0.00367 0.00756* —0.00828** 0.00389 0.01249** 0.02425** 0.00761**  —0.00166 0.0116** 0.0075* 0.01948** 0.02785** 0.00074 0.00162
imb 0.21124 0.05932** 0.04444* 0.03497* 0.02284** 0.03032** 0.02391** 0.01695** 0.01387* 0.00404 0.02258*  —0.00934* 0.0158** 0.02562** 0.02841**
Afprice 0.0005 0.000037 0.00003**  —0.000012**  —0.000012**  —0.000013**  —0.000005 0.000002 —0.000021** 0.000001 —0.000001 —0.000034 —0.000015**  —0.000012**  —0.000016*
Asprice 0.000005** 0.000001* 0.000002** 0.000002** 0.000001* 0.000000 0.000002** 0.000001 0.000000 0.000000 0.000000 —0.000001 0.000001 0.000000 0.000000
NV —0.00226™* 0.00219** 0.00276** 0.00082* 0.00185** 0.00081* —0.00013 0.00096** 0.00276** 0.00115**  —0.00176** 0.00062 —0.00099* 0.00021 0.00108**
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Table 9. Estimated coefficients of the VAR system in the volatile period (continued)

Afprice —1 —2 -3 ) -5 —6 -7 -8 -9 —10 —11 —12 —13 —14 —15
Abuya 1.5916 —14827  —0.19209  —0.23203 0.01758 —1.007 0.37951 1.0196 0.20222 1.0015 0.72458 003277  —1.2996 081218  —0.10744
Abuys 14522 —0.00094 0.26927 035221  —0.44524 0.87088 1.8826 1.6212 0.08625 0.04709 1.2015 0.25845 0.84361 1.5398 1.291
Asell —3.6297 —7.4352 —8.1367*  —12.265"  —11.892"  —3.8926 48527 51134 —5.5903 —10.843*  —9.3617*  —12.313"  —8.4491" —8.3473 1.8371
imb 44,181 32,289 28.693** 29.856 18.255" 9.2988 8.1698 6.4838 8.6281 17.96% 34733 —0.3484  —7.1805 —5.9676 —1.575
Afprice | —0.19822  —0.080801"* —0.049263" —0.014319* —0.021682 —0.012796* —0.008563  0.000023  —0.024746™ —0.001802  0.007514 0.003677  —0.00331 0.009934  —0.01232"
Asprice | 0.002896%  0.002597**  0.002261**  0.002482**  0.002435  0.002357**  0.002143*  0.002493**  0.001659  0.002349**  0.001716 0.001466  0.000826 0.000543 0.00046
invarar —4.0273  —2.4642" —241% 31432 —2.0484™  —21705*  —1.1615  —2.6331*  —1.1087 —1.4292  1.0321 0.3889 1.2725" 0.35222 0.68092
Asprice —1 -2 -3 —4 -5 —6 -7 -8 —9 —10 —11 —12 —13 —14 —15
Abuyla 19.962* 58.095 76.883 90.876 100.36 76.135 73.146 65.956 43474 31666 31.483* 47.924 37311 26.7" 26.272"
AbuySyy, 21.531* 43.497* 45.991* 49.777* 62.262 35.639* 32.996"  47.753" 14.715™ 92131  —2.2451 9.8338 2.1424 3.5559 9.4668"*
Asell?y,, 93.947* 143.23" 140,58 133.28"  —22.704 —31.764 —64.111"  —67.627  —37.075 9451  —42.241 90.998* 21151 62.368" —92.02*
imb 62.815™ 30.787 —84.949* 20.814 128.74* 88.61%* 48.59 125.98* 80.192° 1044 —113.67*  —105.31" —136.17"  —11567"  —13582"
Afprice 0.73163 0.89743 0.741 0.68568 0.83197 1.032 1.0182 1.0727 0.90912 0.72686 0.45509 0.50409 0.31672 027148 —0.012874
Asprice | —0.81144  —0.71507  —0.62808  —0.55987  —0.49847  —0.44209  —0.39053  —0.35777 —0.3028 —0.2451  —0.19809  —0.15061  —0.12095  —0.091615  —0.04289
inva —8.6646™ 6.6808"" 31.687 17.917 9.5029*" 31.078" 20,762 12.138% 21.008* 3.138 24,896 2961 36.719 39.691 26.515
inva —1 -2 -3 —4 -5 —6 -7 -8 -9 —10 —11 —12 —13 —14 —15
Abuya, 0.00006 0.00361 0.00764  —0.01333*  —0.00235  —0.00156 000493  —0.01935" 001143  —0.01358" —0.01831  0.00197 —0.00749  —0.01147°  —0.00458
Abuy 0.00306 —0.02 000865  —0.01813* 000711  —0.01328 0.00062 0.00038 0.00727 —0.0185* —0.00252  —0.00343  —0.01066 0.00029  —0.00261
Asellly,., | 006623 —0.02339 005013  —0.06314*  0.06459"  —0.02514 007433 0.03042  —0.07507*  0.04455 001873  —0.02734  0.03976 002435 —0.07374*
imb —0.34547* 0.1426™  0.04291 0.20589 017507 0.12757*  0.08889" —0.05563 0.07011* 0.01671 0.00323 001514  0.13476* 0.114* 003372
Afprice | —0.001422  —0.000367  —0.000256" —0.000144**  0.000063* —0.000065*  0.000108"*  0.000099**  0.000135** —0.000001  0.000038  0.000055*  0.000021  —0.000076"* —0.000032
—0.000011*  —0.000011  —0.000006  —0.000004  —0.000001  —0.000008  —0.000001  0.000000 0.000000  —0.000003  0.000006  —0.000002  0.000000 0.000000  —0.000001
0.11633 0.04331*  0.03542°  0.02203*  0.00714 0.0059 001389  0.01712% 000315  —0.00408 0.00079 0.00768  —0.0066  —0.00113 0.01795*

Note: This table presents the estimated coefficients for the VAR during the afternoon trading sessions of May 23 and May 24, 2013. The
endogenous variables of the VAR system are the change in the number of new limit buy orders by HFT-MMs, Abuyj;,,; the change in

the number of cancellations of buy orders by HFT-MMs, Abuy$,,,; the change in the number of new limit buy orders by groups other
than the HFT-MMs, Asell
stocks, Asprice; and the inventory held by HFT-MMSs, invpsps. Estimates are computed for second-by-second observations. The

M hers marketwide imbalance, imb; change in futures prices, A fprice; change in the prices of individual

significances are calculated from Newey—West standard errors. Asterisks indicate statistical significance at the 10% (*) and 5% (**)

levels.
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Table 10. Interactions among four trading groups in the normal period

Abuy®i —1 -2 -3 —4 -5 —6 -7 -8 -9 ~10 —11 —12 —13 —14 —15
Abuylny | —0.75376"  —0.641% —0.56417"" —0.50559"" —0.43569"" —0.37828" —0.34918" —0.30382" —0.27728" —0.24034 —0.20892" —0.16406" —0.12824" —0.09449"" —0.04993"
Aselltyy | —0.01781%  —0.02109  —0.02428"  —0.03356™ —0.02932"* —0.02196" —0.01948"  —0.0125  —0.02769"* —0.02252 —0.02325™  —0.0179" —0.02011"* —0.01972"* —0.01085"*
Asell?pr | 0.05276©  0.06773°  0.05097 0.00021 0.04353 0.07697°  0.03016 0.03337  —0.00367  —0.0565 —0.05409 —0.02175  —0.04207  —0.0447  —0.00108
Aselllpp | —0.02011*  —0.02535" —0.00132  —0.00858  —0.00516  —0.00933  —0.00557 0.00417  —0.00713  —0.01097 —0.013  —0.0178 —0.00915 —0.01241  —0.00721
Aselll, | —0.00872  —0.01968* —0.00923  —0.01889  —0.0103 0.00551 0.00154 0.00071 0.00012  —0.00115 0.00083 0.01266 0.00498  —0.00285  —0.00565
Afprice 0.00035*  0.00031*  0.00027*  0.00022**  0.0002”*  0.0002*  0.00017*  0.00019*  0.00016*  0.00014**  0.00015**  0.00016*  0.00013**  0.00012**  0.00005"
Aselling 1 -2 -3 —4 -5 —6 -7 -8 -9 ~10 —11 —12 —13 —14 —15
Abuyln, | —0.02652  —0.02395  —0.0307 —0.03032" —0.03987" —0.02705" —0.0163" —0.02764" —0.02611" —0.02999 —0.0166 —0.02904™ —0.02211"* —0.01117* —0.01166™
Aselliy, | —0.75887**  —0.6456 —0.57248" —0.50188"* —0.46003"* —0.39467"* —0.34964* —0.31192* —0.2792* —0.24441** —0.1976" —0.16384** —0.12741"* —0.08939" —0.04686"
Asell?pp | —0.11224%  —0.13251  —0.18819" —0.19781** —0.20302"* —0.17569"* —0.13201** —0.16965" —0.18707* —0.18022"* —0.16319  —0.2047 —0.15173" —0.10621"* —0.07195"*
Aselltypr | —0.01819%  —0.02523  —0.0466 —0.05423"  —0.0555"  —0.0423" —0.02920"* —0.02527* —0.02727* —0.02319* —0.02222* —0.02362" —0.02447" —0.02034* —0.01679"
Aselll 0.00806 0.00198  —0.00349  —0.0187  —0.02644® —0.02425" —0.02497*  —0.0314" —0.03195" —0.04119 —0.03016" —0.05054" —0.03494" —0.02443"* —0.00107
Afprice | —0.00004*  —0.00003  —0.00001 0.00003 0.00001  —0.00001 0 —0.00002  —0.00002 0.00003 0.00003  —0.00003  —0.00003  —0.00004 0.00002
Asell? —1 —2 -3 —4 -5 —6 -7 -8 -9 ~10 —11 —12 —13 —14 —15
N 0.00486™  0.01009"  0.00904™  0.01139**  0.01186*  0.00973"*  0.00964"  0.00819""  0.00847**  0.00591**  0.00571"*  0.00385"  0.00588"*  0.00407*  0.00196"
Asellt, | 0.00669%  0.01252  0.01217  0.01411**  0.01561*  0.01354"  0.01251*  0.01278"  0.01244**  0.00902"  0.0089™  0.00725"  0.00767**  0.00578"  0.00338"*
Asellypr | —0.70046"  —0.60071"  —0.5293" —0.47358" —0.41752" —0.36676™ —0.34139™ —0.3025" —0.25582" —0.22609"" —0.19691"* —0.14287 —0.11176"* —0.07801* —0.03716™
Aselllpr | 0.01219*  0.00903*  0.01344* 001529  0.01344*  0.01013"*  0.00777**  0.00706**  0.0063** 0.007  0.00344 0.00209 0.00261 0.00159 0.00063
Asellp 0.00543*  0.00118  —0.00516"*  —0.0025  —0.00072  —0.00349 0.00113 0.00382 0.00322 0.00141  —0.00045 0.00015 0.00221 0.00357 0.00288
Afprice | —0.00003* —0.00003* —0.00003* —0.00003"* —0.00003** —0.00003"* —0.00003** —0.00002"* —0.00003"* —0.00002"* —0.00003"* —0.00002 —0.00002"* —0.00002"* —0.00002"*
Aselllpr —1 —2 -3 4 -5 —6 -7 -8 -9 ~10 —11 —12 ~13 —14 —15
Abuyliy, | —0.00597  —0.00209  —0.00568  —0.00162  —0.00246  —0.0076* —0.00734  —0.00734  —0.00918" —0.00686  —0.00478  —0.00178  —0.00047 0.00197 0.0035
Asellt,, | —0.0074*  —0.00102  —0.00683*  —0.00298 —0.005  —0.00644  —0.00753  —0.00769  —0.00509 0.00278 0.00772* 0.0055 0.00854*  0.00522 0.00233
Asell}pr | 0.08428"  0.05212%  0.03858"  0.03324 0.0501**  0.01868 0.04217 0.0791**  0.07797*  0.07429*  0.0733"*  0.04242*  0.04548"  0.03302 0.02264
Aselltypr | —0.7058"  —0.59501  —0.52926" —0.48892"* —0.43585"* —0.38009"* —0.34673* —0.30319" —0.27221** —0.23968" —0.19266™ —0.1573" —0.12616" —0.08315" —0.03906"*
Aselll, | —0.00377  —0.01198"  —0.01243*  —0.01455" —0.00815  —0.00843  —0.01105  —0.00443  —0.0014 0.00318 0.00737 0.0029 0.00325 0.01365"*  0.0068
Afprice 0.00001 0.00001 0 0.00002 0.00005*  0.00004™  0.00007**  0.00007**  0.00007**  0.00007**  0.00006™  0.00006*  0.00005  0.00004*  0.00002
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Table 10. Interactions among four trading groups in the

normal period (continued)

Asellp -1 -2 -3 —4 =5 —6 -7 -8 -9 —10 —11 —12 -13 —14 —15
Abuyiy g 0.00318 0.00565 0.00061 —0.00135 —0.00284  —0.00688  —0.00279  —0.00121 —0.00089 —0.00255 0.00175 0.00395  —0.00032  —0.00546 0.00227
Asellyy 0.00451 0.00462  —0.00137  —0.00139 —0.00189  —0.00631 —0.00191 —0.0078 —0.00512 —0.0082* —0.0036 0.00017 ~ —0.00209  —0.00893** 0.00067
Asell} pp 0.0373** 0.04713* 0.03312 0.02509 0.01566 ~ —0.00647  —0.00259 —0.01095 —0.02704 —0.01113 0.01842 —0.00781 —0.03335 —0.03001  —0.01949
Asellypp | 0.01843* 0.01518* 0.00365 0.00271 0.00987 0.00098 0.00087 0.0004 0.0081 —0.00077 0.0081 0.00884 0.00233  —0.00063 0.00369
Asellpyp | —0.68064**  —0.56804" —0.49519"* —0.44446™  —0.3853"" —0.34482"" —0.31476** —0.27921** —0.25041** —0.21003** —0.16944** —0.139"  —0.12253"  —0.0912**  —0.0488**
Afprice | —0.00031** —0.00026"* —0.00022"* —0.00018"* —0.00016"* —0.00013"* —0.00013** —0.00015**  —0.0001** —0.00012**  —0.0001** —0.00008"* —0.00004* —0.00002  —0.00001
Afprice -1 -2 -3 —4 -5 —6 =7 -8 -9 -10 —11 —12 —13 —14 —15
Abuyly 0.63193 0.38302 2.02083** 0.27138 —0.36665 —0.33739 228151 —1.1236 —1.57084  —1.71307* 0.67981 —0.95628  —1.27854 —0.8997 0.07456
Aselly;y, 0.98356 0.47167 3.41309** 0.5918 0.85327 0.67606 0.72955 1.57318 0.26603 0.12472 2.00096™  —0.57982 —0.9417  —0.19781 0.02726
Asell} pr 9.28366* 7.32292 12.52664** 3.45862 2.09274 2.28989 7.87834 14.5612** 8.52542 2.32644 10.83999** 2.96488  —1.44198 7.72426 12.03588**
Aselly;pp | —0.92787 4.09402** 0.92899 2.57024 —0.58285  —2.87413* 0.38515 3.95534*  —0.97892 2.14418 1.79158  —0.29654 1.0415 1.94283 3.01586*
Asellpyp 5.87411* 3.21568" 5.6608"* 4.27208** 3.96402** 5.34561** 8.22941** 4.94598** 529918 3.05679* 5.32485" 1.00238 3.60593" 4.50104*  6.73702*
Afprice | —0.13983 —0.09634" —0.05648"*  —0.0395*" —0.03931** —0.02081** —0.03029** —0.02588"* —0.01701** —0.02418" —0.02164"* —0.01953"* —0.00439  —0.01569**  —0.0186"*

Note: This table

LFTs, MFTs, and HFT-OPs, Asell

presents the estimated coefficients for the VAR from May

n
MDM>

20 through May

22, 2013. We investigate the interactions
among four trader groups of HFT-MMs, LFTs, MFTs, and HFT-no-MMs. The endogenous variables of the VAR system are the
change in the number of new limit buy orders by HFT-MMs, Abuyj,,,; the change in the number of new sell orders by HFT-MMs,

Asell} pp; Aselly; pr; Aselld p; change in futures prices, A fprice. Estimates are computed

for second-by-second observations. The significances are calculated from Newey—West standard errors. Asterisks indicate statistical
significance at the 10% (*) and 5% (**) levels.
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Table 11. Interactions among four trading groups in the volatile period

Abuy®i —1 -2 -3 —4 -5 —6 -7 -8 -9 ~10 —11 —12 —13 —14 —15
Abuyiy, | —0.83532%  —0.67527 —0.60906™ —0.53171"* —0.49252" —0.42368" —0.38344" —0.33319" —0.29168" —0.23788" —0.21244™ —0.18642" —0.16453" —0.10065" —0.05752"*
Asellt,, | —0.04556™ —0.00442  —0.03126™ —0.01834  —0.02577* —0.01429  —0.01679  —0.00819  —0.0315* —0.00444  —0.01302  —0.03714* —0.03331" —0.01872  —0.01731"
Asell?pr | —0.04571  —0.0904  —0.15536  —0.24431"* —0.28978" —0.35373" —0.25966" —0.24021" —0.29911"* —0.23654™ —0.32098" —0.38246" —0.39272"  —0.2449"* —0.17623"*
Asell}pp | —0.0005  —0.00381 000339  —0.01735 —0.02623 —0.03431  —0.04383*  —0.0529"* —0.04511* —0.02994 —0.01331  —0.03126  —0.04685" —0.02956* —0.02062"*
Aselll, | —0.02906  —0.02985  —0.01231  —0.03281  —0.03597  —0.08898" —0.05236  —0.06238" —0.04968  —0.0617* —0.05236* —0.09485" —0.09861"* —0.07743" —0.04856"*
Afprice 0.00075*  0.00086*  0.00069**  0.00076™  0.00057**  0.00068"  0.00052  0.00061**  0.00057**  0.00051**  0.00046**  0.00032**  0.00029** —0.00001 0.00002
Aselling 1 -2 -3 —4 -5 —6 -7 -8 -9 ~10 —11 —12 —13 —14 —15
Abuyly, | —0.03978  —0.03961  —0.09077"* —0.07806  —0.0839" —0.07499" —0.06859"" —0.04288"" —0.05971™* —0.04582 —0.02827" —0.01305 —0.01165  —0.0105  —0.00447
Aselliy, | —0.84954*  —0.71538*  —0.6762* —0.59261"" —0.53118" —0.46668" —0.42366" —0.36906" —0.34202** —0.29756™ —0.23723* —0.17786** —0.14536" —0.09718" —0.04236"
Asell}pr | —0.10009  —0.03359  —0.16231 0.03453 004619  —0.01234  —0.07976  —0.1566  —0.26007*" —0.20845" —0.03388  —0.05444  —0.05528  —0.04614  —0.00678
Aselltypr | —0.04626™  —0.03868"  —0.03814*  —0.00547 0.00205  —0.0277 —0.03591 —0.01679 —0.00627 —0.02252  —0.01904  —0.03333  —0.03113  —0.02799  —0.00699
Asell, | —0.01533 0.01044  —0.02268 0.01502 0.02065 0.01966 0.00279  —0.00164  —0.03801  —0.03073  —0.00265 0.00532 0.01253 0.02888 0.02118
Afprice 0.00016*  0.00014 0.00022 0.00013 0.00021 0.00011 0.00013  —0.00005  —0.00019  —0.00018  —0.00015  —0.00012  —0.00012  —0.00003  —0.00004
Asell? —1 —2 -3 —4 -5 —6 -7 -8 -9 ~10 —11 —12 —13 —14 —15
N 0.00274*  0.01086"  0.00768"  0.01076**  0.00913**  0.01149**  0.01013*  0.00993"  0.00531**  0.00634"*  0.00508"  0.00515"  0.00593"  0.00549""  0.00053
Asellt,, | —0.00029 0.00987*  0.00536*  0.00898*  0.00591**  0.00999"*  0.00685"  0.00789*  0.00283 0.00471°  0.00147 0.00179 0.00332 0.00202  —0.00043
Asellppp | —0.64652"  —0.54049"  —0.4619" —0.42826™ —0.36742" —0.31928" —0.27092"* —0.24325" —0.18727"* —0.17861"* —0.12958" —0.11074™ —0.07569"* —0.06812" —0.04852"
Aselllpr | 0.02192*  0.01301*  0.01131*  0.01046™  0.01327** 0.014" 001502  0.01155**  0.00859**  0.00787**  0.00991**  0.00715**  0.00789"*  0.00821**  0.00305
Asellp 0.01532  0.01199™  0.01467  0.00755"  0.00864*  0.01038"*  0.01299*  0.00887*  0.01137**  0.00549 0.00721 0.00547 0.00555  —0.00137  —0.00258
Afprice 0.00015*  0.00016"  0.00013**  0.00013**  0.00008"*  0.00012  0.00011**  0.00009*  0.00009**  0.00008**  0.00005"*  0.00004*  0.00003 0.00002  —0.00002
Aselllpr —1 —2 -3 4 -5 —6 -7 -8 -9 ~10 —11 —12 ~13 —14 —15
Abuyla 0.00694 0.00828 0.00553 0.01332 0.01159 0.00807 0.00115  —0.00649 0.00465 0.00514 0.00562 0.00849  —0.00347  —0.00254  —0.00543
Aselly 0.00554 0.00096 0.00699 0.01525 0.01189 0.00808 0.00708 0.00125 0.02045*  0.02011*  0.01185 0.0172*  0.00605 0.00397  —0.00732
Asell}pr | 0.05266 0.02057 0.06591 0.0765 0.08771 002855 —0.00732 —0.05247  —0.03738  —0.05718  —0.1381* —0.02411  —0.10292  —0.08452  —0.00303
Aselltypr | —0.81831  —0.71851"  —0.64333" —0.58447"* —0.52598" —0.47084 —0.43491* —0.38547" —0.32844** —0.28138" —0.25783 —0.19425" —0.16524*  —0.112 —0.05909**
Asell?p 0.00157 0.0042 0.01885 0.01801 0.02686  —0.00528  —0.00832 —0.01772  —0.00715 0.00261  —0.03199  —0.00652  —0.02738  —0.01431  —0.00269
Afprice 0.00013*  —0.00003 0.00001 0 0.00006 0.00001 0.0001 0.00012 0.00013 0.00016 0.00007 0.00013 0.00008 0.00003 0.00006
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Table 11. Interactions among four trading groups in the

volatile period (continued)

Asellgp -1 -2 -3 —4 =5 —6 -7 -8 -9 —10 —11 —12 —13 —14 —15
Abuyiy, | —0.00133 0.00796 0.00516 ~ —0.00009 0.00153 0.0092 0.01029 0.01654* 0.02052** 0.02224** 0.01842** 0.01366 0.00231 0.00213 0.00476
Asellya 0.02705** 0.02966** 0.02866"* 0.02134** 0.02522** 0.02949** 0.02673* 0.02771** 0.03011** 0.02925"* 0.02833"* 0.02176** 0.00762 0.00341 0.0072
Asell} pp 0.03594 0.05397  —0.07604 —0.09789  —0.11843* —0.1002 —0.14041*  —0.06258 —0.08546 —0.0427  —0.04954  —0.04377 —0.03331 0.02785 0.05633
Asellypr | 0.04769* 0.05252** 0.04992** 0.04021** 0.04194** 0.03522** 0.0263* 0.02656* 0.03256* 0.02285 0.00901 0.00365  —0.00212  —0.00153 —0.00078
Asellpyp | —0.79248  —0.72517** —0.68755*"  —0.6333**  —0.5707** —0.49681"* —0.46652"* —0.39254"* —0.33493** —0.27863*" —0.22205** —0.17392** —0.13468** —0.07997** —0.03933"**
Afprice | —0.00222"  —0.00211** —0.00213** —0.00209** —0.00191** —0.00185"*  —0.0017** —0.00157"* —0.00144"* —0.00123*" —0.00095"*  —0.0008"* —0.00055"*  —0.0004** —0.00014**
Afprice -1 -2 -3 —4 -5 —6 =7 -8 -9 -10 —11 —12 —13 —14 —15
Abuyiag 2.44275*  —1.00552 —0.12248 —0.07055 0.4707  —1.61835" 0.27196 0.82281 —0.07633 —0.04342 —0.52344  —1.12492  —2.05957** —0.10807 —0.7565
Aselly 1.49709* 0.05425 0.14036 0.61667 1.6346™  —1.0813 0.40896 0.30051 0.38719 0.51246 —0.55788 0.00403  —1.37438" 0.40176 —0.09888
Asell} pp —5.5624  —11.36963** —8.92302  —5.49609 0.66078 3.09011 8.85829 10.72082** 5.93503 —2.52762 13.99511** 4.49222 9.84506*  15.20563**  14.72234**
Aselllpr 0.79844 —0.17848 0.0368 0.31195 1.0909 0.24018 1.47461 0.79728  —0.31812 0.11879 0.49879 0.69312 1.20698 2.57329** 3.30656"*
Asellpyp 0.08811 0.78942 1.53533 2.68523" 5.6698"* 3.7723** 7.5333" 8.46348"* 5.49891** 2.90273* 6.27046* 4.69016™* 5.99916 6.35598"* 5.59094**
Afprice | —0.12754*  —0.01308* 0.00581 0.02933** 0.01652** 0.02391** 0.02723* 0.03061** 0.01099 0.03164** 0.03097** 0.02634** 0.01513** 0.0274** 0.00543

Note: This table presents the estimated coefficients for the VAR during the afternoon trading sessions of May 23 and May 24, 2013. We
investigate the interactions among four trader groups of HFT-MMs, LFTs, MFTs, and HFT-no-MMs. The endogenous variables
of the VAR system are the change in the number of new limit buy orders by HFT-MMs, Abuyj;,,; the change in the number of

new sell orders by HFT-MMs, LFTs, MFTs, and HFT-OPs, Asell};;;

Asell} pps Aselly; pr; Aselldp; change in futures prices,
A fprice. Estimates are computed for second-by-second observations. The significances are calculated from Newey—West standard
errors. Asterisks indicate statistical significance at the 10% (*) and 5% (**) levels.



