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Summary 

 

High-frequency trading (HFT), where automated computer traders interact at lightning-fast 

speed with electronic trading platforms, has become an important feature of many modern 

financial markets. The rapid growth, and increased prominence, of these ultrafast traders have 

given rise to concerns regarding their impact on market quality and market stability. These 

concerns have been fuelled by instances of severe and short-lived market crashes such as the  

6 May 2010 ‘Flash Crash’ in the US markets. One concern about HFT is that owing to the high 

rate at which HFT firms submit orders and execute trades, the algorithms they use could interact 

with each other in unpredictable ways and, in particular, in ways that could momentarily cause 

price pressure and price dislocations in financial markets. 

 

Using unique transactional data that allows us to identify the activity of HFT firms present in the 

UK equity market, we examine if their activity is indeed correlated and what this means for 

market quality. We focus our analysis on the ten largest HFT firms, which account for the bulk 

of the stand-alone HFT firm activity in our sample. In doing so we compare their activity with 

that of the ten largest investment banks present in our sample.  

 

We estimate a dynamic regression model of order flow, by HFT firms and investment banks, in 

individual stocks as well as across different stocks. Order flow is defined as the net aggressive 

buying volume over a given time interval. In other words, it is the difference between the 

number of shares bought and sold via orders that are executed immediately at the best available 

price. The estimation is done using data sampled at a ten-second frequency in order to capture 

any short-lived interactions across HFT firms. 

 

We find that HFT order flow is more correlated over time than that of the investment banks, 

both within and across stocks. This means that HFT firms tend more than their peer investment 

banks to buy or sell aggressively the same stock at the same time. Also, a typical HFT firm 

tends to simultaneously aggressively buy and sell multiple stocks at the same time to a larger 

extent than a typical investment bank.   

 

What does that mean for market quality? A key element of a well-functioning market is price 

efficiency; this characterises the extent to which asset prices reflect fundamental values. 

Dislocations of market prices are clear violations of price efficiency as they happen in the 

absence of any news about fundamental values.  

 

To assess the impact of correlated trading by HFT firms on price efficiency, we first construct a 

metric that captures the extent of correlated trading within a day by HFT firms and investment 

banks.  We then run regressions of stock returns on contemporaneous and lagged order flow by 

HFT firms and investment banks. If order flow has a longer-lasting (i.e. ‘permanent’) price 

impact, then this is indicative of informed trading; for if the trade had no information content, its 

price impact would be temporary as the induced price change would not be justified by any 

changes in fundamentals and market participants would force the price back to its original value. 

The key question is then if our metric of correlated trading is associated with a permanent or 

temporary price impact.  
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We find that instances of correlated trading by HFT firms are associated with a permanent price 

impact whereas correlated trading by investment banks is associated with only a temporary price 

impact. We interpret this as evidence that HFT correlated trading is information-based; in other 

words, HFT firms appear to be reacting simultaneously and quickly to new information as it 

arrives at the market place, which makes prices more efficient. This suggests that correlated 

trading by HFT firms does not appear to contribute to undue price pressure and price 

dislocations on a systematic basis in the UK equity market. Of course, this does not mean that 

HFT activity may never cause or exacerbate any price dislocations either in the equity or other 

markets. To assess that, additional research with more data, covering periods of market stress, 

would be necessary.  

 



1 Introduction

High-frequency trading, where automated computer traders interact at lightning-fast

speed with electronic trading platforms, has become an important feature of many mod-

ern markets. The rapid growth, and increased prominence, of these ultra fast traders

have given rise to concerns regarding their impact on market quality and market stability.

Over the past few years, numerous empirical studies have analyzed the market impact

of high-frequency trading (HFT), as well as algorithmic trading (AT) more generally.1,2

With some recent exceptions, most of these studies have analyzed aggregate measures

of HFT and AT in various markets.3 In the current paper, we aim to shed light on the

ways in which individual HFTs interact with each other and assess the impact of this

interaction on price efficiency.

Automated high-frequency trading is made possible by the direct interaction between

electronic trading platforms and pre-programmed computers. Although this lends HFTs

a huge speed advantage over “human” traders—computers are simply much faster at

receiving, processing and reacting to new information—the pre-programmed systematic

nature of high-frequency trading might also limit the diversity of the strategies that HFTs

implement. This notion is given empirical support by Chaboud, Chiquoine, Hjalmarsson,

and Vega (2014), who document evidence consistent with computer-based strategies

being more correlated than those of human traders in the foreign exchange market.

Possible correlation of HFT strategies is often viewed as a source of concern, as it could

potentially have destabilizing effects on the market (Haldane, 2011, and White, 2014).

The “Quant Meltdown” in August 2007, when many long-short equity funds pursuing

similar strategies suffered major losses and quickly unwound their strategies amid great

1Algorithmic trading refers to any automated trading where computers directly interact with elec-
tronic trading platforms; high-frequency trading is therefore a subset of algorithmic trading. Given
the focus of the current paper, in the subsequent discussion we mostly refer to high-frequency trading,
although many of the arguments apply to both AT and HFT.

2HFT will be used to denote both high-frequency trader and high-frequency trading ; AT will be used
in an analogous manner. In our data, we can identify the trading activity of individual high-frequency
trading (HFT) firms. We will therefore refer to both HFTs and HFT firms, where the latter formulation
is used to emphasize this unit of observation.

3See, for instance, Hendershott, Jones, and Menkveld (2011), Hendershott and Riordan (2013), Bro-
gaard, Hendershott, and Riordan (2014), and Chaboud, Chiquoine, Hjalmarsson, and Vega (2014). Benos
and Sagade (2015) analyze the activity of various subgroups of HFTs distinguished according to their
liquidity making/taking behaviour.
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market turmoil, is a prime example of the possible negative impact of highly correlated

strategies among a large segment of market participants; Khandani and Lo (2011) provide

an in-depth analysis of these events.4

The implications of correlation among HFTs’ trading strategies is not unambiguous,

however, and depends on the underlying reasons behind it. If the strategy correlation is a

result of many HFTs focusing on the same arbitrage opportunities, this may help improve

price efficiency as implied by the models of Kondor (2009) and Oehmke (2009) in the

context of “convergence trades”. This positive effect from competition is not a foregone

conclusion, however. Stein (2009) and Kozhan and Wah Tham (2012) both argue that

increased competition for arbitrage opportunities could cause a crowding effect, which

might result in prices being pushed away from fundamentals.

Alternatively, HFT activity could be correlated because HFTs trade on common

signals. Again, the effect on prices is ambiguous. In the model of Martinez and Rosu

(2013), correlated trading by HFTs makes prices more efficient, whereas in that of Jarrow

and Protter (2012), HFTs’ simultaneity in trading causes prices to “overshoot”, creating

excess volatility. Additionally, HFTs might also create deviations in prices from funda-

mentals if they follow simple trading rules like the positive-feedback traders in DeLong,

Shleifer, Summers, and Waldmann (1990), or the chartists in Froot, Scharfstein, and

Stein (1992).

In the current paper, we use data from the UK equity market to analyze cross-

sectional aspects of high-frequency trading and assess their impact on market quality.

In particular, we analyze both the interactions between different HFT firms in a given

stock, as well as the trading patterns of a given HFT firm trading across several stocks.

That is, we analyze both the within-stock/across-firm trading correlation, and the within-

firm/across-stock trading correlation. The purpose of these analyses is to form a better

understanding of: (i) the extent to which a given HFT firm tends to trade in a similar

manner and direction to its high-frequency competitors, and (ii) the extent to which a

given HFT firm tends to follow similar, or correlated, strategies over many stocks.

Both of these analyses speak towards the greater question of whether HFTs might be

4The quantitative strategies referred to in this episode where not necessarily implemented through
computer-based trading.
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a source of concern from the perspective of market stability. A greater correlation across

HFT firms suggests that HFTs act more as a uniform group with a greater potential

for (possibly adverse) market impacts, as discussed above. A greater correlation in the

trading patterns across multiple stocks for a given HFT might suggest a more market-

wide impact of the trades of a given HFT.5

We use data on transactions for the 20 largest stocks (by market capitalization) of

the FTSE 100 index, executed on the electronic limit order book of the London Stock

Exchange (LSE). These data are accessed through the ZEN database, maintained by

the UK Financial Conduct Authority (FCA), and the sample spans four months, from

September 1st through December 31st, 2012. The data explicitly identifies the submitter

of each trade report along with other detailed information such as volume, execution price

and time stamp. We focus our analysis on trading in 10 individual HFT firms, which

together represent more than 98 percent of the total HFT volume in our sample. By

focusing on a limited number of large firms, which are behind the vast majority of high-

frequency trading, we are able to conduct a detailed analysis of the interactions between

HFT firms. In addition, we also use trade data for the 10 largest investment banks

(IBs) active in our sample. These serve as a reference group against which to compare

the results for the pure high-frequency firms. IBs clearly engage in a wide variety of

trading activities, including trades by their own proprietary trading desks as well as

customer order-driven trades. Whereas the proprietary trading activities might involve

high-frequency strategies, the overall activities of investment banks are quite distinct

from that of pure HFT firms. We therefore view IBs as a relevant comparison group,

proxying for the behaviour of informed traders in the market.

To analyze correlations, and possible causations, between the activities of individ-

ual HFTs in a given stock, we use a high-frequency vector autoregression (VAR). In

particular, for each of the 20 stocks in our sample, we formulate a VAR with trading

activity in all 10 HFTs and all 10 IBs as dependent variables. The VAR also controls

for time trends, the bid-ask spread, stock return volatility, trading volume, and past

5That is not to say that individual HFTs trading in a given asset cannot under certain circumstances
adversely affect the entire market, as may have happened during the May 6, 2010 “flash crash”(e.g.,
Menkveld, 2013, and Kirilenko, Kyle, Samadi, and Tuzun, 2014). However, the key contract traded
during the flash crash was the E-mini S&P 500 futures contract. It seems less likely that trading in an
individual stock, as we study here, would cause similar disturbance.
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returns. Trading activity is measured either as (i) order flow (buyer-initiated volume

minus seller-initiated volume), or (ii) total transacted volume. The VAR is estimated by

pooling data from all stocks, yielding a set of interpretable results.

Within this VAR model, we evaluate whether trading by one HFT firm is affected

by the trading of the other HFT firms, through Granger causality tests. In particular,

if the trading activity by a given firm is positively Granger caused by the activity of

the other HFT firms, we view this as consistent with correlation in the strategies of

HFT firms. Granger causality is essentially a predictive property, and this concept of

strategy correlation is somewhat different from the usual static correlation that one

might think of. However, thinking of trade correlations in this dynamic setting has

several advantages. First, Granger causality, especially in high-frequency settings, may

be indicative of actual (contemporaneous) causality, which is arguably more interesting

to analyze than non-causal correlations. Second, the predictive nature of the tests might

actually be at least as relevant as any contemporaneous correlations or causations. That

is, from a market stability perspective it seems of key interest to understand whether

trades in a given stock by a given firm eventually triggers more trades by other firms in

that stock.

The main empirical results show that there is indeed a positive order flow correla-

tion among HFTs. In particular, HFTs’ order flows are positively temporally dependent

across different HFTs, whereas those of IBs are negatively dependent. In other words, ag-

gressive buying by an HFT Granger-causes additional aggressive buying by other HFTs,

whereas aggressive buying by an IB Granger-causes aggressive selling by the other IBs,

and vice versa for aggressive selling.

Similarly, we use a VAR specification to test whether a given HFT firm’s trading

strategies tend to be similar across different stocks. In particular, we estimate a VAR

system with each equation capturing the trade activity of the HFT firm in a given stock.

The data are now pooled for all HFTs, and a pooled panel VAR is again estimated. An

analogous panel VAR is also estimated for IBs. The same controls as before are included

in the regressions. Similarly to the case of within-stock/across-firm trading, we find that

individual HFTs’ strategies tend to be considerably more correlated across stocks than

those of the IBs, both in terms of order flow and volume traded. That is, a trade by

4
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a given HFT is likely to generate additional trades by the same HFT, and in the same

direction, across a number of stocks, to a significantly larger extent than a trade by an

IB.

One interpretation of these results is that HFT algorithms may have a degree of

commonality embedded in their design, which could potentially give rise to price pressure

and excess volatility as in Jarrow and Protter (2012). An alternative interpretation is

that HFTs use strategies that are uniformly more efficient in receiving, processing, and

trading on information as it arrives at the marketplace, as in Martinez and Rosu (2013).

In this case, the observed commonality is the result of HFT firms trading on common

sources of information.

To test these two hypotheses, we construct a high-frequency metric of HFT and IB

order flow correlation and use it as an explanatory variable in a price impact regres-

sion. The key finding is that HFT correlation is associated with a permanent price

impact, whereas IB correlation is associated with price reversals, over a 5-minute period.

This is consistent with HFT commonality being the result of informed trading and thus

contributing to price discovery.

Our study adds to the growing empirical literature on high-frequency trading specif-

ically, and algorithmic trading generally. In relation to previous work, we contribute

to the understanding of the correlation of HFT strategies across different firms, and

also the extent to which individual HFT firms tend to follow similar strategies across

many different stocks. Most previous studies have been restricted to using aggregate

measures of HFT or AT participation and have primarily focused on the speed aspects

of computer-based trading, and less on the “cross-sectional” aspects.6

The rest of the paper is organized as follows. Section 2 describes the data that we

use and presents some summary statistics and preliminary motivating analysis. Sec-

tion 3 introduces the main empirical framework and presents the results on interactions

across HFT firms. Section 4 studies whether these correlation patterns appear to have

any impact on market quality and Section 5 concludes. Some supplemental results are

6Benos and Sagade (2015), Hagströmer and Nordén (2013), and Hagströmer, Nordén, and Zhang
(2014) also make explicit use of the ability to follow individual HFT firms. Their focus is, however,
quite different from ours, and mostly on classifying and distinguishing HFTs along market-maker and
market-taker lines and assessing the aggregate impact of HFTs on market quality. Brogaard, Hagströmer,
Nordén, and Riordan (2014) study the importance of co-location across HFT firms.
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presented in the Appendix.

2 Data, Summary Statistics, and Preliminary Analysis

2.1 The ZEN Database

Our data consist of reports for trades executed on the electronic order book of the LSE,

for the 20 largest stocks (by market capitalization) of the FTSE 100 index, over the four

months from September 1st to December 31st 2012, a period spanning 80 business days.7

The transactions data are obtained from the proprietary ZEN database, which is

maintained by the UK Financial Conduct Authority (FCA) and consists of trader-

submitted transaction reports that contain information on execution price, trade size,

time stamp to the nearest second, location and, importantly, submitter identity. The

reports also indicate if the submitter is the buyer or the seller in each transaction, as well

as whether a given transaction is executed in a principal or agent capacity. Although

ZEN also includes reports of trades that are executed in the OTC space, we restrict our

analysis to trades executed on the LSE, the largest UK venue by trading volume. The

LSE accounted for between 55 to 70 percent of the total (“lit”) volume for the FTSE

100 shares during our sample period.8

The ZEN database captures the trading activity of all firms directly regulated by the

FCA, as well as that of firms that trade through a broker; brokers are regulated and

must report their clients’ transactions. Firms who are not subject to FCA regulation,

and who do not trade through a broker, are not subject to reporting requirements and

their reports are not included in ZEN. For our purposes, this implies that we do not

observe the trades of HFTs that are direct members of the various UK exchanges, but

who are not FCA-regulated. This includes the foreign branches of HFT firms that also

have a UK branch; i.e., the activity of the UK branch is captured in ZEN, but the activity

of the foreign branch is not. Informal conversations with market regulators suggest that

7Our data ends on December 31st 2012, although the last trading day we use in our sample is December
21st 2012. We drop the (two) trading days between Christmas and New Years, since these are days with
extremely low volume of trade.

8In comparison, NASDAQ, from which many studies on HFTs draw their data never exceeded 25
percent of the total S&P 500 volume over the same period (see the Fidessa Fragmentation Index available
at http://fragmentation.fidessa.com/fragulator/).
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most firms choose to trade on the LSE via their local branches, and we therefore do not

expect this to affect coverage in a substantial way. We also cannot identify the activity

of individual HFT desks of larger institutions—with multiple trading desks operating in

the same market—since all trades from such an institution are reported under a single

name. Similarly, it is not feasible to identify the trades of individual HFTs that trade

through a broker.

For these reasons, we focus our analysis on stand-alone HFTs that are known to be

trading on a proprietary basis. We classify trading firms as HFTs based on discussions

with FCA supervisors and from this group we select the 10 largest firms, which account

for about 98% of the total trading volume of all such identified HFTs. For confidentiality

reasons, we cannot list the names of these 10 HFTs, but they include some of the largest

stand-alone HFTs. We also use reports on proprietary trades submitted by the 10 largest

investment banks (IBs) in order to compare and contrast the trading activity of the IBs

with that of HFTs.9 As mentioned above, the IB transaction reports originate from all

trading activities within these institutions, and as such are a reasonable proxy of overall

market activity.

For the remainder of the paper, we will refer to both HFTs and IBs as (trading)

firms.

We focus our analysis on the 20 largest of the FTSE 100 stocks, as measured by

market capitalization at the beginning of the sample period, for two primary reasons.

First, since we aim to study the high-frequency actions and impact of HFTs, it is crucial

to use data for stocks that are in fact actively and frequently traded. Second, we need

to keep the total number of stocks in the sample to a reasonable number in order to

conduct the within-firm/across-stocks VAR analysis, where the dimension of the model

grows with the number of stocks as detailed in Section 3.2. This sample restriction is

also similar to those used in other studies, such as Hagströmer and Nordén (2013) and

Hendershott and Riordan (2013), who use the 30 largest stocks traded on NASDAQ-

OMX Stockholm and Deutsche Boerse, respectively.

Finally, we use quote data from the LSE, obtained via Bloomberg, in order to recon-

struct the top of the order book every second and to match the ZEN trade reports with

9The ZEN data contains a flag that allows us to distinguish between proprietary and agency trades.
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the prevailing best bid and ask prices at the time of a given transaction. This allows us

to classify trades as either buyer- or seller-initiated, using the usual classification scheme

of Lee and Ready (1991). That is, trades that are executed at prices closer to the pre-

vailing bid (ask) are classified as seller- (buyer-) initiated. Trades executed at the quote

midprice are classified based on a tick rule: uptick (downtick) trades are classified as

buyer- (seller-) initiated. Finally, we also use Bloomberg transaction data to calculate

aggregate volume and market wide order-flow for each stock.

2.2 Variable Definitions

From the ZEN data and the matched Bloomberg quote data, we create a number of

variables that we use in the analysis. As mentioned above, each trade report is time-

stamped to the second and we are therefore able to create time series of trade variables

observed at a second-by-second frequency. Our measure of trading volume used in the

empirical analysis is the number of shares bought or sold within a given time interval,

by a given HFT or IB, in a given stock (in the summary statistics, we also present some

figures for the transacted value and the number of trades). In particular, for each firm

i (HFT or IB), in stock s at time t, we calculate V lmi,s,t, representing the sum of the

number of shares bought and sold during period t. In the raw data, t represents seconds,

although, as detailed in the empirical sections, we will use coarser sampling intervals in

the actual analysis.

Based on our trade classification scheme, we also measure the “aggressive” and “pas-

sive” volume of each firm, for each stock. The “aggressive” volume is the part of the

trading volume where the firm acts as the initiator of the trade (i.e., where the firm

acts as the market-“taker”), and the “passive” volume is the part of the trading volume

where the firm provides the quote hit by another trader (i.e., where the firm acts as the

market-“maker”). These volumes will also be referred to as the take- and make-volumes,

denoted by V lmtake
i,s,t and V lmmake

i,s,t , respectively. The sum of the aggressive and passive

volumes, of course, add up to the total trading volume. The aggressiveness ratio is

8
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defined as the fraction of take-volume relative to total volume,

AggrRatioi,s,t =
V lmtake

i,s,t

V lmtake
i,s,t + V lmmake

i,s,t

=
V lmtake

i,s,t

V lmi,s,t
. (1)

Order flow is defined as the difference between aggressive buy-volume and aggressive

sell-volume, with the direction of trade viewed from the perspective of the trade initiator

(aggressor). The order flow of firm i in stock s is thus given by

OFi,s,t = V lmtake
i,s,t (Buy)− V lmtake

i,s,t (Sell) , (2)

where V lmtake
i,s,t (Buy) and V lmtake

i,s,t (Sell) represent the aggressive buy and sell volumes,

respectively.

Aggregate measures of volume and order flow, across HFTs or IBs, are obtained by

summing up the variables across all HFTs (IBs). That is,

V lmHFT
s,t =

∑
i∈HFT

V lmi,s,t, (3)

and

OFHFT
s,t =

∑
i∈HFT

OFi,s,t. (4)

V lmIB
s,t and OF IB

s,t are defined analogously, as are aggregates across other variables. The

“residual” market-wide volume and order flow, for a given stock, are defined as the sum

of the respective variables across all market participants that we observe in Bloomberg,

except for the 10 HFTs and 10 IBs.

2.3 Summary Statistics

We start by briefly summarizing some of the characteristics of the HFTs in our sample.

For the purpose of comparison, and since they are subsequently used as a reference group,

we also show summary statistics for IBs. In particular, in Table 1 we show summary

statistics for the daily values of volume (number of shares) and value (in pounds) traded,

market share, number of trades and aggressiveness ratio. Separate statistics are shown

for HFTs and IBs. The first column in each section (HFT or IB) shows the mean across

9
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all firm-stock-days. For instance, the first row shows the average number of shares traded

across all HFTs and across all stock-day observations. The following three columns in

each section show the corresponding standard deviation and the 5th and 95th percentile

of the data pooled across all HFTs and across all stock-day observations. The final

column in each section shows the standard deviation of the firm-averaged observations.

That is, for each HFT (IB), the average values across all stock-days are calculated, and

the standard deviation of these 10 firm-level averages are reported in the final columns

(labeled Std(HFT i) and Std(IBi), respectively). This final statistic provides an idea of

the dispersion or variation in activity across HFTs (IBs).

Table 1 shows that, on average, an HFT firm trades about 300,000 shares and 1.4

million pounds per-stock per-day in the 20 largest FTSE 100 stocks. There is great

variation around this average, however, as seen by the standard deviation and the 5th

and 95th percentiles of the distribution. There is also considerable variation across firm

averages, as seen in the column labeled Std(HFT i). IBs generally trade more heavily

than HFTs, trading on average about 700,000 shares and 3.2 million pounds per-stock

per-day. This is expected since IBs are larger organizations with multiple trading desks

that simultaneously execute a variety of strategies. Similar to HFTs, there is also great

variation in IB trading, although the across-firm variation is relatively smaller than for

HFTs (reported in the column labeled Std(IBi)).

These activity levels give rise to average market shares of about 2.4% for each HFT

and 5.5% for each IB. In aggregate, these figures indicate a market share of approximately

25% for the 10 HFTs used in our study. This is very similar to the 25-30% market

share of the group of pure HFT firms identified by Hagströmer and Nordén (2013) on

NASDAQ-OMX Stockholm.10

The aggressiveness ratio statistics reveal a diversity of strategies across HFTs. On

average, HFTs trade approximately equal amounts aggressively and passively (average

aggressiveness ratio is equal to 0.48), but the pooled standard deviation across all firm-

10Substantially higher HFT market shares for U.S. markets are reported in, for instance, Carrion
(2013), with HFT market shares of upwards of 70%. As discussed in Hagströmer and Nordén (2013),
the lower figures for NASDAQ-OMX Stockholm partly reflects the fact that the activity of hybrid firms,
which engage in both purely proprietary high-frequency trading as well as other client-driven activities,
are not included when calculating the HFT market share. Similarly, we only count the market share of
a set of purely proprietary HFTs.

10
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stock-days is equal to 0.38 and the across firm standard deviation is equal to 0.29. There

is thus great variation in aggressiveness, both across stock-days as well as across different

HFT firms. IBs have a somewhat lower average aggressiveness ratio (0.41), and there is

substantially less variation, especially across different IBs.

2.4 Do HFTs Trade in the Same or Different Stocks?

One of the main questions of this paper is whether an HFT’s activity in a given stock

is correlated with the trading activity of other HFTs in that same stock. In the next

section, we perform a high-frequency VAR analysis to answer this question, but here we

first provide some simple illustrative results, based on daily data. The purpose here is

not to perform the same analysis on a daily frequency as we do below on a high intra-

daily frequency, but rather to document some interesting daily covariations between the

activity of different HFTs. As such, we focus on somewhat different measures of trading

activity in the daily analysis compared to the high-frequency analysis. It should also be

stressed that whereas the high-frequency analysis aims at providing some causal results

and interpretations, at least in a Granger sense, the daily analysis must be viewed as

strictly non-causal, capturing only (partial) correlations or associations.

In the daily analysis, we consider the covariation across HFTs in the following two

trade activity measures: (i) the relative capital allocation (RCAi,s,t), defined as the

value traded by HFT i, in stock s, on day t, divided by the total value traded across all

stocks by HFT i, on day t,11 and (ii) the aggressiveness ratio (AggrRatioi,s,t), as defined

in equation (1). Both of these measures capture “relative” aspects of the behaviour

of HFTs. The relative capital allocation measures how active an HFT is in a given

stock, compared to other stocks. The aggressiveness ratio captures how aggressive (in a

liquidity-taking sense) an HFT is in a given stock, relative to its overall trading activity

in that stock. Loosely speaking, one might also think of the relative capital allocation as

a decision on whether to trade a given stock, and the aggressiveness ratio as the type of

trading conditional on being active in a given stock. These measures of trading activity

are, at least to some extent, best viewed as a form of (daily) averages, rather than “spot”

11For each HFT, the relative capital allocations are calculated based on the total traded volume of
that HFT in all one hundred FTSE 100 shares. The average allocation seen in Table 2 is therefore not
equal to five percent.
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observations, and are generally not well defined at high frequencies where, at a given

instant in time, an HFT might be trading only in a single stock as maker or taker. In the

high-frequency analysis of the next section, we use actual traded volume and order flow

as measures of trading activity, since they are well defined over any sampling interval.

Letting yi,s,t denote either RCAi,s,t or AggrRatioi,s,t, we estimate the following re-

gression to analyze daily covariation in HFT behaviour,

yi,s,t = αi + βRCARCA−i,s,t + βAggrRatioAggrRatio−i,s,t

+βMrktCapMrktCaps,t + βRVRVs,t + βSpreadSpreads,t + ui,s,t. (5)

Here, RCA−i,s,t is the relative volume participation of all other HFTs in stock s on day

t, defined as the sum of the volumes traded by all other HFTs (i.e., except HFT i) over

the total trading volume of the stock for that day.12 AggrRatio−i,s,t is the aggregate

aggressiveness ratio for all other HFTs in stock s on day t, constructed as the sum of

total aggressive volume across all other HFTs, divided by the total trading volume of

those HFTs. MrktCaps,t is the market capitalization of the stock (in £billion), RVs,t

is the daily realized volatility based on intra-day 5-minute log-returns and Spreads,t

is the depth-weighted daily average of all the intra-day quoted spreads expressed as a

percentage of the quote midpoint. The main variables of interest in this regression are

RCA−i and AggrRatio−i, which captures the activity of other HFTs. The other three

variables, namely market capitalization, volatility, and bid-ask spread, are known to

correlate (at least weakly) with the activity of HFTs and are used as control variables

in the analysis (e.g., Hendershott and Riordan, 2013, and Benos and Sagade, 2015). For

completeness, we estimate the model with and without these three control variables and

report both sets of results.

12This definition of RCA−i,s,t is not completely analogous to the definition of the relative capital
allocation for an individual firm (RCAi,s,t). The latter captures the firm’s relative distribution of capital
to a given stock, whereas the former captures the fraction of traded volume in a given stock that is due
to HFTs other than HFT i. However, we believe this definition of “other” HFT activity is more relevant
than the complete analogue of RCAi,s,t, which would capture the aggregate relative capital allocation
of all other HFTs to stock i. In a given stock, it seems more likely that a given HFT reacts to the
overall fraction of trading due to other HFTs (i.e., the current definition of RCA−i,s,t), rather than to
whether other HFTs have allocated more or less capital to that stock relative to other stocks. We still
use the notation RCA−i,s,t to denote the current definition, since this notation makes clear that the
left-hand side variable RCAi,s,t and the right-hand side variable RCA−i,s,t are both intended to capture
the relative trading activity of HFTs.
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An analogous regression for IB trading is also estimated, in order to facilitate com-

parison with the HFTs. In this case, RCAi,s,t and AggrRatioi,s,t represent the relative

capital allocation and aggressiveness ratio, respectively, of IB i, in stock s, on day t.

Similarly, RCA−i,s,t and AggrRatio−i,s,t now represent the relative volume participa-

tion and aggregate aggressiveness ratio, respectively, for all other IBs in stock s on day

t.

Table 2 shows summary statistics for the variables used in the regression. As seen,

there are no remarkable differences between HFTs and IBs. Both types of firms allocate

relatively uniformly their trading activity across stocks and also trade by using both

aggressive and passive orders.

Using the sample of the 20 largest FTSE 100 shares, equation (5) is estimated sep-

arately for HFTs and IBs, and in each case pooled across all stocks and HFTs (IBs);

i.e., pooled across i and s. An HFT (IB) -specific intercept, αi, is included in the pooled

regressions, capturing any time/stock-invariant HFT (IB) characteristics. The slope co-

efficients are all kept constant across stocks and HFTs (IBs). Since there are stock-days

during which there is no HFT (IB) activity, the model with yi,s,t = RCAi,s,t is estimated

using a pooled Tobit specification that accounts for the mass of zeros in the dependent

variable. For yi,s,t = AggrRatioi,s,t, we do a pooled least squares estimation dropping

stock-days for which there is no HFT (IB) trading volume, since on those days the ag-

gressiveness ratio is not defined. We also performed a least squares estimation with a

Heckman correction, to account for any potential bias induced by dropping the zero ac-

tivity days. However, the results from this estimation were almost identical to the plain

least squares estimates, and are not presented here.

The results of these estimations are shown in Table 3, with the first four columns

showing the HFT and IB estimates for relative capital allocation, with and without

control variables, and the last four columns showing the corresponding estimates for the

aggressiveness ratio. Table 3 reveals several interesting results. First, HFTs’ relative

capital allocations are negatively correlated with the aggressiveness of other HFTs. In

other words, HFTs appear to avoid trading in stocks where other HFTs are trading more

aggressively (columns 1 and 2). However, conditional on trading in a given stock, a given

HFT tends to be more aggressive if other HFTs are present (columns 5 and 6). These
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results are consistent with some specialization across stocks among HFT firms, but also

with the possibility that when interacting with other HFTs, a given HFT will become

more aggressive because of adverse selection concerns; in other words, if aggressive HFTs

can react faster to information than passive ones can cancel outstanding orders, the latter

are at risk of having their orders executed at disadvantageous, stale prices. This is also

in line with the idea that HFTs jointly trade aggressively in response to common signals,

as in Martinez and Rosu (2013).

Without controlling for additional factors, there is evidence that the relative capital

allocation of HFTs across stocks is positively correlated (column 1). However, once the

control variables are included, this effect disappears and the coefficient turns negative,

although it is not statistically significant (column 2). This suggests that while HFTs

might prefer to trade in, say, larger stocks, once one controls for this fact, there is no

evidence that HFTs allocate more capital to stocks to which other HFTs also allocate

more capital. If anything, the opposite appears to be the case, given the negative point

estimate seen in the regression with control variables included.

The results for the IBs are somewhat different. IBs tend to allocate more capital

to stocks where other IBs are active and aggressive, suggesting, perhaps unsurprisingly,

less specialization across stocks among IBs (columns 3 and 4 of Table 3). In addition,

IBs tend to be more aggressive in stocks where other IBs are more aggressive (columns

7 and 8). This is somewhat distinct from the HFTs, which appear to be more aggressive

in the mere presence of other HFTs.

As documented elsewhere in the literature, HFTs trade more heavily in larger stocks

and when volatility is higher and the spread is narrower. Table 3 also suggests that IB

activity is very similar to that of HFTs as far as its correlation with the above variables

is concerned. Perhaps somewhat surprisingly, HFTs (and IBs) appear to trade more

aggressively in stocks with lower volatility, which is the opposite of the effect for relative

capital allocation. However, it is difficult to give any strong interpretation of this result

given the lack of causal identification. Likewise, IBs tend to trade more aggressively in

stocks with higher spread, which again is difficult to interpret in a non-causal setting.

Overall, the regression results suggest that there may be significant interdependence

between the trading patterns of individual HFTs. In particular, there is some evidence
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that HFTs tend to avoid each other, but when they do trade in the same stock they

appear to be more aggressive than otherwise. Without identifying any causal directions,

one should be careful not to push the interpretation of these results too far. The current

daily analysis does not take into account the simultaneity in the trading decisions of

the individual HFTs (or IBs), and the aggregation of the data to a daily frequency

clearly confounds the high-frequency nature of these decisions. However, the patterns

seen in these daily aggregates must, by construction, originate from the intra-daily high-

frequency trading process, and therefore serve as some motivation for pursuing a high-

frequency analysis.

3 Dynamic Correlations in HFT Activity

We now turn to the main part of our analysis, where we attempt to pin down the ex-

tent of intra-day correlation in HFT strategies across different HFT firms and also the

extent of intra-day correlation in HFT strategies across different stocks. We address

both of these questions through the use of (reduced-form) high-frequency vector auto-

regressions (VARs), which capture the “dynamic” correlations in HFT activity both

within-stocks/across-firms and within-firm/across-stocks. That is, we are interested in

determining the extent to which current trading by some HFT firm might cause subse-

quent trading by other HFT firms and also the extent to which current trading by an

HFT firm in one stock might cause subsequent trading by the same HFT firm in another

stock. As measures of trading activity, we use either total traded volume or order flow.

As before, we use the activity of IBs as a benchmark. In other words, we want to see

how much more correlated is the activity of HFTs, within and across stocks, compared

to that of the IBs. We use the IBs as a benchmark because of the wide variety of trading

strategies that these institutions simultaneously employ across their trading desks. Such

strategies may include market making, optimal client-order execution, and high- and

low-frequency proprietary trading. IBs should thus be a reasonable proxy of overall

market activity.

The high-frequency VAR setup addresses many of the shortcomings of the simple

daily correlations presented above. In particular, by explicitly using high-frequency
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intra-daily data, one avoids the dilution and potential biasing of effects that may result

from the daily aggregation. The conditional nature of VARs is also well suited to further

explore how HFTs react in response to the actions of other HFTs. Furthermore, the high

frequency of observation allows for a much better temporal ordering of events, which in

turn provides ways of identifying a more causal chain of events. Formally, we perform a

type of Granger causality test. Granger causality is essentially a predictive property and

not necessarily “causation” in the typical (contemporaneous) sense used in economics

and finance. However, at high frequencies, where the frequency of observation might be

similar to the actual frequency of “events” (e.g., trading decisions), evidence of Granger

causality might also correspond more closely to the usual notion of causation.

In line with these considerations, the VAR analysis is performed at a 10-second fre-

quency; i.e., using data sampled every 10 seconds. Using 30 lags, the VAR models capture

the dynamic dependence in trading over a five-minute period. While we have access to

second-by-second trade data, the use of such a high frequency in the VAR modeling

would inevitably lead to a much shorter period over which one captures dynamic trade

dependencies (i.e., with a 1-second sampling frequency, 30 lags span only half a minute).

We therefore view the 10-second sampling choice as a reasonable trade-off between cap-

turing the high-frequency decision making process and allowing for a reasonable period

of time over which to model the dynamic evolution of the trade process (i.e., the tem-

poral span of the lags). In addition, if one chooses too high a sampling frequency, most

of the trade variables entering the VAR will be zero almost all of the time, which may

also lead to bias in the results (similar concerns are expressed by Chaboud, Chiquoine,

Hjalmarsson, and Vega, 2014).

Figures 1 and 2 provide further justification for the 10-second sampling frequency.

The left-hand panels in the figures show the distributions of the number of trades, by any

HFT (or IB) in a given stock, for those periods where at least one trade occurred in that

stock. Results for 1-second and 10-second time periods are shown in the top left corner,

and results for 1- and 5-minute periods are shown in the bottom left corner. That is,

conditional on there being at least one trade in a given stock in a given time period, the

graphs show the relative frequencies of the number of trades in those periods, averaged

across all 20 stocks. Thus, for example, during those 1-second periods for which there
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was at least one trade, we see in the top left-hand graph in Figure 1 that in approximately

95 percent of these periods, there was, in fact, only one HFT trade. A similar result

holds for IBs, as seen in the corresponding graph in Figure 2. In the 10-second periods,

nearly 80 percent of those periods with trading activity contain only a single trade (in a

given stock), and there is very rarely more than two trades in any 10 second period. The

right-hand-side panels in Figures 1 and 2 show analogous distributions for the number

of unique traders (i.e., the number of unique HFT or IB firms) trading in a given period.

The distributions here look similar to those seen for the number of trades, but they

are even more concentrated at unity. In particular, only about 15 (20) percent of the

10-second periods with at least one trade have two unique HFTs (IBs), and hardly any

10-second periods have more than two unique traders. Taken together, these results

suggest that by aggregating data to the 10-second frequency, one seldom loses much

information on individual trades, since most 10-second intervals only contain at most

one trade by any HFT or IB firm in a given stock. Similarly, one does not induce much

additional “simultaneity” into the observed trading process by sampling at the 10-second

rather than the 1-second frequency, since very few 10-second intervals contain trades by

more than one unique trader.

3.1 Within-Stock/Across-Firms HFT Activity

We start by analyzing the correlation of trading activity in a given stock across HFT

firms. Let HFTi,s,t be the trading activity of HFT firm i at time t in stock s, and

analogously, let IBi,s,t be the trading activity of IB i at time t in stock s. As mentioned

above, trading activity is measured either by order flow or total volume, both based on

the number of shares traded as discussed in the data section, and sampled at 10-second

intervals. Further, define HFTs
t as the vector of stacked trading activity in stock s at

time t for all i = 1, ..., 10 HFTs and define IBs
t as the corresponding vector of IB trading

activity. That is,

HFTs
t =


HFT1,s,t

...

HFT10,s,t

 and IBs
t =


IB1,s,t

...

IB10,s,t

 .
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Let Ys
t ≡ (HFTs′

t , IB
s′
t )
′
denote the stacked trading activity by both HFT and IB firms,

and formulate the following high-frequency VAR for stock s,

Ys
t = µs +

30∑
k=1

AkY
s
t−k + ΛXs

t−1 + ΨGt + εst . (6)

The dependent variable, Ys
t ≡ (HFTs′

t , IB
s′
t )
′
, is thus a 20×1 vector of 10-second trading

activity in the 10 HFT and 10 IB firms, and Ak, k = 1, ..., 30, are 20 × 20 lag matrix

coefficients. Since the data are sampled every 10 seconds, the 30 lags included in the

VAR cover the previous five minutes of trading. Xs
t−1 consists of lagged control variables

not modeled in the VAR. In particular, Xs
t−1 includes the cumulative return on stock

s during the five minutes prior to the tth observation, the realized volatility of the 10-

second returns in stock s during the five minutes prior to the tth observation, and the

mean inside spread in stock s during the five minutes prior to the tth observation.13 In

addition, Xs
t−1 includes the total market-wide trading activity, captured by the market-

wide order flow and the market-wide volume in stock s during the five minutes prior

to the tth observation; that is, both market-wide order flow and volume are included as

control variables irrespective of whether the dependent variables in the VAR represent

firm-specific order flow or volume. Gt includes deterministic functions of time. In

particular, Gt represents linear and quadratic functions of the time of day (measured by

the intra-daily observation number, ranging from 1 to 3060), and linear and quadratic

functions of the daily observation number (ranging from 1− 80).

The VAR is estimated by pooling data across the sample of the 20 largest FTSE

100 stocks, allowing for stock-specific intercepts (µs). All other coefficients are pooled

across stocks. There are 80 days in the sample, and 3060 intra-daily intervals each day,

resulting in 244, 800 observations per stock, and 4, 896, 000 observations in the pooled

regression for all 20 stocks.14 Before inclusion in the VAR, all variables are standardized

by their stock-specific standard deviations. This standardization should make the pooling

assumption less restrictive and immediately makes the parameter magnitudes correspond

13The variables in Xs
t−1 are all measured up until one period prior to the current observation; hence

the subscript t− 1. For instance, the past five-minute returns on stock s are defined as the five-minute
returns ending at time t− 1.

14The first and last five minutes of each trading day are discarded in order to avoid any beginning or
end of day effects.
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to standard deviation effects.

In this framework, we are interested in testing the following hypotheses: (i) To what

extent does trading by an HFT firm in a given stock cause subsequent trading activity

by other HFTs in the same stock? (ii) Do we observe similar causation between HFTs

and IBs, viewing these two types of traders as distinct groups? We attempt to test these

hypotheses within the above VAR model by mapping the general questions into specific

coefficient restrictions. In order to facilitate the testing of these hypotheses, it is useful

to write the VAR in a format where Ys
t = (HFTs′

t , IB
s′
t )
′

is written out explicitly. That

is, partitioning the coefficient matrices, we can write equation (6) as,

 HFTs
t

IBs
t

 = µs +

30∑
k=1

 A11,k A12,k

A21,k A22,k

 HFTs
t−k

IBs
t−k

+ ΛXs
t−1 + ΨGt + εst . (7)

The parameter sub-matrices (A11,k, A12,k, A21,k, A22,k) now group the coefficients for the

HFTs and IBs. A11,k (A22,k) correspond to lag-correlations among HFTs (IBs). The sub-

matrix A12,k (A21,k) captures the effects of past trading by IBs (HFTs) on the current

trading of HFTs (IBs).

To test whether lagged trading in other HFTs affect a given HFT’s current trading,

we evaluate the null hypothesis that the sum of the off-diagonal coefficients in A11,k

across all k lags is equal to zero. Similarly, we test whether past trading by IBs (HFTs)

causes current trading of HFTs (IBs) by evaluating the null hypothesis that the sum of

all the coefficients across all lags in A12,k (A21,k) is equal to zero. In both cases, the

null of no causation is rejected if the sum is statistically significant from zero. The sum

of the coefficients on the lags of a given variable is proportional to the long-run impact

of that variable, and the test can essentially be viewed as a form of long-run Granger

causality test.15 Importantly, to the extent that the relationship is significant, the sign

of the sum of coefficients also indicates the direction of the (long-run) relationship; i.e.,

whether current trading causes more or less trading in the future.

15Testing whether, say, A12,k = 0 for all k, represents a normal Granger causality test of whether
trading by IBs Granger causes trading by HFTs. Testing whether the off-diagonal elements in A11,k, for
all k, are all equal to zero does not constitute a proper Granger causality test since in this case one is
not testing a block-exogeneity hypothesis. Additional coefficient restrictions would need to be imposed
in order to formally test for Granger causality.
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Table 4 provides the full list of hypotheses that we evaluate, along with the formal

coefficient restrictions corresponding to each hypothesis. Results are shown for trading

activity measured either as order flow or as total trading volume. In each case, the

total sum of all the coefficients are given, along with the value of the Wald test for

the null hypothesis that the sum is equal to zero and the corresponding p-value. The

test statistics and p-values are obtained through bootstrapping. In particular, they are

calculated using a non-parametric block bootstrap at the daily level. By sampling with

replacement from the 80 trading days in our sample and including all observations within

each day, we preserve any unspecified intra-day error correlation across stocks and firms.

As such, these bootstrapped test statistics and p-values are robust to arbitrary intra-day

error correlation and we rely on these for our inference.16

Starting with the results for order flow, the first row of Table 4 shows strong statistical

evidence that current trading in a given stock by a given HFT firm is affected by the past

trading in that stock by other HFT firms. In particular, the order flow results suggest

that, on average, the current trading of an HFT will tend to be in the same direction as

that of the past trades of other HFTs (the sum of the order flow coefficients is positive).

In contrast, the second row of Table 4 indicates that the current trading direction of a

given IB will tend to be in the opposite direction of past trades by other banks (the sum

of the order flow coefficients is negative and strongly significant).

Rows three and four of Table 4 show that there is no strong evidence of the current

trading direction of HFTs being affected by the past trade direction of IBs, and vice

versa. Specifically, the response of HFTs to IBs is significant at the 5% level, but not

at the 1% level, and the response of IBs to HFTs is not statistically significant at any

conventional level. The latter result also suggests that HFTs are not anticipating the

orders of IBs.17 The final row of Table 4 provides a formal test of whether the observed

difference between HFTs and IBs is also statistically significant. In particular, it confirms

that HFTs are significantly more positively correlated than IBs.

The results for volume, which are shown in the last three columns of Table 4, provide

16The results of our hypotheses tests using standard test statistics (not reported) are very similar to
those using the bootstrapped ones.

17Using data from NASDAQ, Hirschey (2013) finds that HFTs anticipate the orders of the general
population of non-HFTs. The discrepancy between his and our results could be because he is comparing
HFTs with all non-HFTs rather than with just investment banks.
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some additional information on the dynamic interaction among HFTs and IBs. Total

trading volume is not associated with a given direction of trade, and provides a measure

of overall trading activity rather than trading direction. It is therefore not surprising

that the results for HFTs and IBs now go in the same direction. In particular, past

trading volume by other HFTs (IBs) predict a larger current trading volume for a given

HFT (IB), as seen in the first and second rows, respectively. However, the sum of the

coefficients for the own lag effect of HFTs (first row) is markedly smaller in magnitude

than the own effect for IBs (0.35 versus 1.23), and the difference is statistically significant

as seen in row five. As seen in rows three and four, there is also strong evidence that

past trading volume by IBs (HFTs) leads to increased volume of HFTs (IBs) as a group.

Overall, the results in Table 4 suggest that both HFTs and IBs tend to increase their

trading activity in response to past trading activity of other HFTs or IBs (the results

for total trading volume). However, whereas HFTs tend to trade in the same direction

as past trades by other HFTs, IBs tend to trade in the reverse direction of past IB

trades (the order flow results). Neither HFTs nor IBs appear to be strongly influenced

in their trading direction by the trade direction of past IB or HFT trades; that is, trade

direction within the own group (HFT or IB) appears to matter the most. There is thus

some evidence that HFTs, as a group, are more prone to “dynamically” correlate in

their trading direction. In terms of the magnitude of the effects, the sums of the own

group order flow coefficients are similar for HFTs and IBs, but of opposite signs (0.22

and −0.35). However, the own group volume coefficients for HFTs is markedly smaller

in magnitude than the own effect for IBs (0.35 versus 1.23).

As a form of diagnostic data and model check, the covariance matrices for the resid-

uals from the fitted VAR models are presented in the Appendix. These covariance

matrices exhibit a near-diagonal nature, which further validates the choice of sampling

frequency. That is, aggregation of the data to a 10-second frequency does not appear to

have induced much contemporaneous correlation, corroborating the conclusions drawn

from Figures 1 and 2.
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3.2 Within-Firm/Across-Stocks HFT Activity

We next turn to the question of whether the trading activity for a given HFT firm is

correlated across different stocks. That is, do individual HFTs follow strategies which

tend to result in similar trading activities across different stocks? In order to address this

question we formulate a VAR similar to the previous one, with the focus on uncovering

dynamic correlations across stocks for a given HFT. As previously, HFTi,s,t (IBi,s,t)

denotes the trading activity of HFT (IB) firm i at time t in stock s, with trading

activity measured either by order flow or total volume. But, instead of stacking the

trading activity of all firms in a given stock, we now stack the trading activity in all

stocks for a given firm. That is, we define,

HFTi
t =


HFTi,1,t

...

HFTi,20,t

 and IBi
t =


IBi,1,t

...

IBi,20,t

 .

For each HFT i, we formulate the following VAR,

HFTi
t = µi,HFT+

30∑
k=1

BkHFTi
t−k + ΛHFTXt−1 + ΨHFTGt + εi,HFT

t . (8)

The VARs are pooled across HFT firms, allowing for firm-specific intercepts µi,HFT and

common coefficients Bk, ΛHFT and ΨHFT . The same VAR is also estimated using IB

trading activity, IBi
t, and again the estimation is done by pooling across all IBs,

IBi
t = µi,IB+

30∑
k=1

CkIB
i
t−k + ΛIBXt−1 + ΨIBGt + εi,IBt . (9)

That is, we estimate separate VARs for HFTs and IBs, such that we obtain parameter

estimates for both types of firms. The control variables included in Xt−1 are the same

as those in the within-stocks/across-firms VAR discussed in the previous subsection,18

18In particular, Xt−1 now stacks, for stocks s = 1, 2, ..., 20, the following stock-specific control variables:
the cumulative return on stock s during the five minutes prior to the tth observation, the realized volatility
of the 10-second returns in stock s during the five minutes prior to the tth observation, the mean inside
spread in stock s during the five minutes prior to the tth observation, and the market-wide order flow
and the market-wide volume in stock s during the five minutes prior to the tth observation. As before,
both market-wide order flow and volume are included as control variables irrespective of whether the
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and we also use the same standardization of the data prior to estimation. As before, we

compute our p-values and test statistics using a non-parametric block bootstrap at the

daily level, since these are robust to unspecified intra-day error correlations.

The parameters obtained from the VARs in equations (8) and (9) represent the degree

of dynamic correlation of trading for a firm of a given type (HFT or IB) across all 20

stocks in our sample. Table 5 shows the results based on equations (8) and (9). The first

two rows in the table show that there is strong evidence of dynamic correlation across

stocks for both HFTs and IBs. The results highlight, however, that the correlation for

HFTs is considerably stronger than for IBs, as seen from both the coefficient estimates

and the test statistics. Both IBs and HFTs thus appear to pursue trading strategies

that result in dynamically clustered trading patterns across stocks. However, this effect

appears to be substantially stronger for HFTs.19

In the Appendix, the covariance matrices for the residuals from the within-firm/across-

stocks VAR models are also reported. As in the within-stock/across-firms case, these

covariance matrices are almost diagonal, again suggesting that the 10-second sampling

frequency does not lead to any issues with contemporaneous correlation.

4 Price impact of correlated HFTs

Given the evidence on dynamically correlated trading activity among HFTs, we end

our analysis with a look at the actual impact of correlated trading on stock prices.

The potential impact of such behaviour on market prices has been a concern among

authorities (e.g., Haldane, 2011). Simultaneous HFT activity in the same stock, and

in the same direction, could potentially have an excessively large price impact, causing

prices to temporarily deviate from fundamentals. Therefore, in this section, we directly

examine if instances of highly correlated trading within stocks have any predictive power

for contemporaneous and future returns, and whether the impact of correlated trading

by HFTs is any different from that of correlated trading by IBs. We restrict our attention

to correlated trading within stocks, since this leads to a natural analysis of whether such

dependent variables in the VAR represent firm-specific order flow or volume.
19The strong correlation in trading across stocks appears consistent with HFTs’ pursuing index ar-

bitrage strategies. That is, strategies where one attempts to profit from miss-pricing between a traded
index (or index futures product) and the underlying basket of stocks that makes up the index.
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correlations have an impact on the price process of the given stock.

To capture the extent of correlated trading by HFTs and IBs within stocks, we

construct a metric similar to the one used by Lakonishok, Shleifer, and Vishny (1992) to

measure herding among institutional investors. In particular, for each stock s and time

interval t we calculate

CorrTradingHFT
s,t = N (Buy)HFT

s,t −
N (Buy)HFT

s,t +N (Sell)HFT
s,t

2
, (10)

where N (Buy)HFT
s,t is the number of aggressive HFT buyers and N (Sell)HFT

s,t is the

number of aggressive HFT sellers in stock s in time period t. In a given stock, over

a given time interval, an HFT is classified as an aggressive buyer (seller) if its total

aggressive buy volume is greater (smaller) than its total aggressive sell volume in that

stock during that time interval. That is, if the majority of the HFT’s “take-” volume

is on the buy (sell) side, it is classified as an aggressive buyer (seller). An HFT that

performs no aggressive trading—or if its aggressive buy and sell volumes are identical—

in a given stock in a given time interval adds neither to the number of aggressive buyers

nor sellers in that time period.

The metric defined in equation (10) effectively calculates the number of excess ag-

gressive buyers or sellers at any given point in time, relative to a situation where HFTs

randomly buy and sell with equal probability, independently of one another. When all

10 HFTs in our sample aggressively buy, this metric takes a value of +5, whereas when

all 10 HFTs aggressively sell at the same time, the metric takes the value of −5. When

aggressive HFTs are equally split between buyers and sellers, or if no HFTs are trading

aggressively at all, the metric equals zero. An analogous metric is also constructed for

IBs, denoted by CorrTradingIBs,t .

The correlation metrics, CorrTradingHFT
s,t and CorrTradingIBs,t , are calculated for

all stocks in the sample of the 20 largest FTSE 100 shares, using minute-by-minute

data. The slower one-minute sampling frequency (compared to the 10-second frequency

in the VAR analysis), is motivated by the need to sample coarsely enough for there to

be sufficiently many observations where numerous HFTs (and/or IBs) trade during the

same time interval. That is, the higher the sampling frequency, the more likely it is
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that just one, or very few, HFT(s) trade in a given time interval, rendering the above

correlation metric less useful. At the same time, as in the VAR analysis, the sampling

frequency also needs to be high enough to capture the relevant time horizons over which

HFTs operate. As a robustness check, we also present results for data sampled at the

5-minute frequency.

The 1-minute and 5-minute sampling intervals are motivated by the bottom graphs in

Figures 1 and 2. As discussed previously, for a given sampling frequency, Figures 1 and

2 show the average number of trades in a given stock (left-hand panels), and the average

number of unique traders in that stock (right-hand panels), in periods during which

there was at least one trade. As seen in the bottom panels, with sampling frequencies

of either 1 minute or 5 minutes, there is a fairly wide range of both the likely number of

trades as well as the number of unique traders. This suggests that, at these frequencies,

one can reasonably expect to capture the contemporaneous correlation of HFTs.

To measure the contemporaneous and lagged price impact associated with correlated

trading, we regress 1-minute returns on contemporaneous and lagged order flow, the

correlated trading metrics and their lags, as well as the interaction of the two. Thus, our

specification takes the form,

Rs,t = αs +
5∑

i=0

βHFT
OF,i OF

HFT
s,t−i +

5∑
i=0

βIBOF,iOF
IB
s,t−i +

5∑
i=1

βRes
OF,iOF

Res
s,t−i

+
5∑

i=0

βHFT
Corr,iCorrTrading

HFT
s,t−i +

5∑
i=0

βIBCorr,iCorrTrading
IB
s,t−i

+

5∑
i=0

βHFT
OF×Corr,i

(
OFHFT

s,t−i × CorrTradingHFT
s,t−i

)
+

5∑
i=0

βIBOF×Corr,i

(
OF IB

s,t−i × CorrTradingIBs,t−i
)

+ us,t. (11)

Here Rs,t is the 1-minute return of stock s in period t, and OFHFT
s,t , OF IB

s,t , and OFRes
s,t

are the order flows from HFTs, IBs and the remainder of the market (the “residual” order

flow). CorrTradingHFT
s,t and CorrTradingIBs,t are the correlation metrics for HFTs and

IBs defined in equation (10). The model is estimated by least squares, pooling the

data across stocks while allowing for stock-specific intercepts αs, and including five lags
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of all variables. To achieve comparability across stocks, we normalize the order flow

variables at the stock level. Specifically, we consider two different normalizations. The

first, labeled “own normalization”, divides HFT, IB and residual order flow by their

own standard deviations at the stock level. Under this normalization, the regression

coefficients for these variables may thus be interpreted as the price impact for a typical

trade by HFTs, IBs and the rest of the traders, respectively. Alternatively, we normalize

all order flow variables by the standard deviation of the market-wide order flow, labeled

“market normalization”. In this case, the regression coefficients measure the impact of

a typical market-wide trade. The returns on the left-hand side of the regressions are

always standardized by their own standard deviation at the stock level.20.

Table 6 reports the regression results. For brevity, we only report the sum of the

coefficients for the five lags, and the associated (robust) t-statistics. In column 1, we first

run a simple regression of 1-minute returns on contemporaneous and lagged market-wide

order flow; the market-wide order flow is denoted by OFMkt
s,t in the table, and is defined as

OFMkt
s,t ≡ OFHFT

s,t +OF IB
s,t +OFRes

s,t .21 Consistent with previous findings in the literature,

the contemporaneous coefficient is positive and highly statistically significant. The sum

of the coefficients for the lagged order flow is negative and also significant, implying that

at least a part of the contemporaneous price impact tends to be subsequently reversed.

We next allow the HFT, IB and residual order flows to enter separately into the regres-

sion. The results are reported in columns 2 and 5 for the own and market normalization,

respectively. We find qualitatively similar results to the regression with market-wide or-

der flow. That is, positive contemporaneous correlation between order flow and returns

and negative correlation between past order flow and returns, uniformly across HFTs,

IBs and the rest. When normalizing by its own standard deviation, the HFTs’ price

impact and reversal coefficients (i.e., the sum of the lag coefficients) are substantially

smaller in magnitude, but the differences largely disappear when normalizing all order

flow variables by the market-wide order flow standard deviation. This is consistent with

the typical trade of an HFT being smaller in size than that of IBs. Overall, we find only

20The correlation metrics, CorrTradingHFT
s,t and CorrTradingIBs,t , are not scaled prior to estimation

since they are already in a standardized format, taking on values between +5 and -5
21This regression can viewed as a restricted version of equation (11), where one imposes the restrictions

βHFT
OF,i = βIB

OF,i = βRes
OF,i for i = 0, ...5, and all other coefficients are restricted to equal zero.
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small differences in the price impacts and reversals between HFTs and IBs.

We next add our metrics of correlated trading to the regressions. The estimation

results are reported in columns 3 and 6 of Table 6. We find similar estimates across

the two different normalizations, but significantly different results between HFTs and

IBs. While the price impact coefficients for HFTs’ and IBs’ correlated trading are both

positive, significant, and of similar magnitude, the impact of HFTs’ correlated trading are

not subsequently reversed, unlike for IBs. This suggests that HFTs’ correlated trading is

informed, leading to a permanent price impact. Finally, we also include the interaction

terms in the regression, and the results are reported in columns 4 and 7. The interaction

terms appear mostly insignificant, with only some weak evidence of statistical significance

for the contemporaneous interaction between HFT order flow and trade correlation, and

their inclusion has virtually no impact on the coefficients of the other regressors. The

actual coefficients for the interaction terms are also very small in absolute value, further

signalling that these interactions are not of economic significance.

As a robustness check, we also run the same regressions as above, but using data

sampled every five minutes. That is, 5-minute returns are now regressed on the order

flow and trade correlation variables. However, in order to keep the temporal span of the

lags identical to the 1-minute specification, only one lag is now included. Otherwise, the

two specifications are identical, and the results are presented in Table 7. The results

presented in Table 7 strongly echo those seen in Table 6. The statistical significance of

some of the estimates based on the 5-minute data is somewhat weaker than in the 1-

minute case, but otherwise the results are consistent across the two sampling frequencies.

Importantly, there is no evidence that HFTs’ correlated trading leads to price reversals,

although the reversals for IBs are no longer statistically significant.

Overall, these results suggest that HFTs’ correlated trading is likely the result of

HFTs trading on the same, “correct” , information. In contrast, the correlated trading

of IBs is associated with price reversals, suggesting that the correlation in IB strategies

is less informationally driven.
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5 Conclusion

Using a unique data set on the transactions of individual high-frequency traders (HFTs),

we examine the interactions between different HFTs and the impact of such interactions

on price discovery. Our main results show that for trading in a given stock, HFT firm

order flows are positively correlated at high-frequencies. In contrast, when performing

the same analysis on our control sample of investment banks, we find that their order

flows are negatively correlated. Put differently, aggressive (market-“taking”) volume by

an HFT will tend to lead to more aggressive volume, in the same direction of trade,

by other HFTs over the next few minutes. For banks the opposite holds, and a bank’s

aggressive volume will tend to lead to aggressive volume in the opposite direction by

other banks. As far as activity across different stocks is concerned, HFTs also tend to

trade in the same direction across different stocks to a significantly larger extent than

banks.

Given the apparent tendency to commonality in trading activity and trading direc-

tion among HFTs, we further examine whether periods of high HFT correlation are

associated with price impacts that are subsequently reversed. Such reversals might be

interpreted as evidence of high trade correlations leading to short-term price dislocations

and excess volatility. However, we find that instances of correlated trading among HFTs

are associated with a permanent price impact, whereas instances of correlated bank trad-

ing are, in fact, associated with future price reversals. We view this as evidence that the

commonality of order flows in the cross-section of HFTs is the result of HFTs’ trades

being informed, and as such have the same sign at approximately the same time. In

other words, HFTs appear to be collectively buying and selling at the “right” time. The

results are also in agreement with the conclusions of Chaboud, Chiquoine, Hjalmarsson,

and Vega (2014), who find evidence of commonality among the trading strategies of al-

gorithmic trades in the foreign exchange market, but who also find no evidence that such

commonality appears to be creating price pressures and excess volatility that would be

detrimental to market quality.

A final caveat is in order. The time period we examine is one of relative calm in

the UK equity market. This means that additional research on the behaviour of HFTs,
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particularly during times of severe stress in equity and other markets, would be necessary

in order to fully understand their role and impact on price efficiency.
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Appendix: Error Covariance Matrices from the VARs

Tables A1 and A2 show the error covariance matrices from the within-stock/across-firms

VARs represented by equation (6), using either order flow or total volume as depen-

dent variables, respectively, and sampled at the 10-second frequency. Since the data are

standardized prior to estimation, the diagonal elements in the covariance matrices (i.e.,

the variances) are close to unity, and the off-diagonal elements are thus close to correla-

tions. As is seen, when using order flow as the measure of trade activity (Table A1), the

off-diagonal elements are all close to zero, and never greater than 0.1 in absolute value.

This suggests that at the current sampling frequency of 10-second intervals, there is little

concern that the analysis is confounded by strong contemporaneous interactions. Table

A2 shows the corresponding error covariance matrix when trading activity is measured

by total volume. In this case, some of the off-diagonal elements take on slightly larger

values than in the order flow case, although they are still all below 0.25 in absolute value

and most of them are still below 0.1. Thus, although the contemporaneous error struc-

ture is not quite as clean as in the order flow case, the 10-second sampling frequency

does not seem to induce any large contemporaneous correlations in the case of volume

either.

Tables A3 and A4 show the error covariance matrices from the within-firm/across-

stocks VARs in equations (8) and (9), using order flow as the measure of trade activity.

In this specification, a separate VAR is estimated for HFTs and IBs, respectively, and

Tables A3 and A4 show the corresponding error covariance matrices. In both cases, the

error structure is almost perfectly diagonal. This is also true when using total volume

rather than order flow as a dependent variable, although these results are omitted in the

interest of space.
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