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a b s t r a c t 

How best to discern trading intentions from market data? We examine the accuracy of 

three methods for classifying trade data: bulk volume classification (BVC), tick rule and 

aggregated tick rule. We develop a Bayesian model of inferring information from trade 

executions and show the conditions under which tick rules or bulk volume classification 

predominates. Empirically, we find that tick rule approaches and BVC are relatively good 

classifiers of the aggressor side of trading, but bulk volume classifications are better linked 

to proxies of information-based trading. Thus, BVC would appear to be a useful tool for 

discerning trading intentions from market data. 

© 2016 Elsevier B.V. All rights reserved. 

1. Introduction 

Microstructure models attach a key role to trade data 

because of their signal value for underlying trading inten- 

tions. Traders informed of good news profit by buying and 

traders informed of bad news profit by selling, thus creat- 

ing a trade imbalance. Trade imbalance between buys and 

sells can also signal liquidity pressure in markets, lead- 

ing to subsequent price movements. Discerning informa- 

tion from trade data, however, has never been straightfor- 
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ward, and a variety of trade classification algorithms in the 

literature are devoted to this task. 1 

The advent of high frequency markets complicates this 

endeavor in two fundamental ways. First, the mechanics of 

trading are radically different than in times past. Trading 

now takes place largely in electronic markets in which des- 

ignated liquidity providers need not be present, and prac- 

tices such as hidden orders make drawing inferences from 

market data problematic. In US equity markets, trading is 

fragmented across 13 exchanges and 40 or more alternative 

trading venues, each reporting trades to the consolidated 

tape, but at different latencies. Thus, trades on the tape 

are out of order, compromising trade classification rules 

1 See, for example, Lee and Ready (1991), Ellis, Michaely, and O’Hara 

(20 0 0) , and Chakrabarty, Moulton and Shkilko (2012) . 
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based on upticks or downticks. 2 Order cancellation rates 

of 98% or more complicate knowing actual quotes, so trade 

classification algorithms based on proximity to bid and ask 

quotes are also severely compromised. 3 

A second, and potentially more serious, problem is that 

the trading process is fundamentally different. Algorithms 

chop parent orders into numerous child orders, so order 

flow, not individual orders, relate to trade motivation. Trad- 

ing is also done dynamically, with direct market access 

(DMA) allowing participants to strategically place multiple 

orders at various price levels in the book, monitor the pro- 

gression of their limit orders in the queue, and cancel and 

replace orders at different levels. To see why this matters, 

consider, for example, a trader informed of good news who 

dynamically trades via limit orders. Instead of hitting the 

ask price to buy, this trader could post an order at the bid. 

When that order is hit, the trade appears to be a sell as it 

is taking place at the lower bid price. To continue to buy 

via limit orders, the informed trader has to post a higher 

bid or due to time priority his order simply sits behind 

the orders at the existing bid. This persistent bidder strat- 

egy means that prices are forced up even though the active 

side of the trade is always the uninformed seller. 

To the extent that informed traders use limit orders, 

the notion of the active side of the trade signaling un- 

derlying information is undermined because informed or- 

ders are not crossing the spread. A variety of research (see 

Bloomfield, O’Hara, and Saar, 2005; Hasbrouck and Saar, 

2009; Bouchard, Farmer, and Lillo, 2009; Eisler, Zoltan, 

Bouchaud, and Kockelkoren, 2012; Kim and Stoll, 2013; 

Collin-Dufresne and Vos, 2015; O’Hara, 2015 ) suggests that 

equating informed traders with aggressive traders is no 

longer accurate. This has the important implication that 

buy and sell trades, or imbalances in these trades, might 

not be good indicators of underlying information. 4 

In this paper, we investigate how best to discern infor- 

mation from trade data. Microstructure research often re- 

lies on simple trade classification algorithms to accomplish 

this task, and we investigate the efficacy of two such ap- 

proaches for classifying trade data: the bulk volume clas- 

sification (BVC) methodology and tick rules. Tick rule ap- 

proaches use simple movements in trade prices (upticks or 

downticks) to classify a trade as either a buy or a sell. The 

2 This problem is also particularly acute in the new swap trading mar- 

kets. The Dodd-Frank Wall Street Reform and Consumer Protection Act 

currently requires reporting of nonblock trades to the Swap Data Repos- 

itory, but current reporting rules allow a 30-minute delay. So there is 

no way to determine the correct order of trades. See also Ding, Hanna, 

and Hendershot (2014) for evidence on how speed differences between 

proprietary feeds and the consolidated tape complicate knowing current 

quotes. 
3 See Hasbrouck (2013) for an excellent analysis of quote volatility and 

its implications. 
4 These changes also mean that trade information will not be linked 

with other variables of interest such as trader identity. For example, Lee 

and Radhakrishnan (20 0 0) and Campbell, Ramdorai, and Schwartz (2008) 

propose size cutoff rules on trades that they argue identify institutional 

trading. Even using data from the year 20 0 0, Campbell, Ramdorai, and 

Schwartz note problems in identification arising from what they suspect 

was algorithmic trading. With trade sizes now all collapsing to minimum 

levels, and institutions trading dynamically with limit orders, inferring 

trader identity from trade size is a daunting task. 

bulk volume technique, which was first applied in Easley, 

Lopez de Prado, and O’Hara (2011) , aggregates trades over 

short time or volume intervals and then uses a standard- 

ized price change between the beginning and end of the 

interval to approximate the percentage of buy and sell or- 

der flow. Each of these techniques maps observable data 

into proxies for trading intentions, but how well any of 

these approaches works in the new high frequency world 

is unclear. 

To understand the differences between these ap- 

proaches, it is useful to start from a conceptual framework 

in which we care about some underlying unobservable 

information (informed buyers or sellers) and we observe 

data (trade prices) that are correlated with the unobserv- 

able information. A Bayesian statistician would start with 

a prior on the unobservable information, observe the data, 

and use a likelihood function to update his or her prior 

to form a posterior on the underlying information. This is 

not what a tick rule does. It classifies a trade as a buy if 

the previous price is below the current price, a sell, if it 

is above. The bulk volume approach, by contrast, can be 

thought of as assigning a posterior probability to a trade 

being a buy or sell, an approach closer conceptually to 

Bayes’ rule. 

Using a statistical model, we investigate the errors that 

arise from a tick rule approach and the bulk volume ap- 

proach, relative to a Bayesian approach. We show that 

when the noise in the data is low, tick rule errors can be 

relatively low, and over some regions the tick rule can per- 

form better than the bulk volume approach. When noise 

is substantial, the bulk volume approach can outperform 

a tick rule and permit more accurate sorting of the data. 

Moreover, our model shows that when order flow is im- 

balanced (as would be the case, for example, when trades 

are motivated by private information), tick rules based on 

noisy data underestimate the probability of buys when 

there is good information and overestimate it when there 

is bad information. 

The underlying information about trading intentions 

that we seek is not observable, but microstructure theory 

suggests a variety of proxies for that information. In our 

empirical work, we test the accuracy of the bulk volume 

and tick rule approaches using two such proxies: the ag- 

gressor side of trading (as given by buy-sell indicator flags 

in the data) and an estimate of spreads. We show that 

the BVC and tick rule approaches do reasonably well in 

matching the aggressor side of trading, with tick rules gen- 

erally being more accurate. When we consider spread ef- 

fects using the Corwin and Shultz methodology, however, 

we find that the BVC approach dominates tick rule mea- 

sures, which can have perverse correlations with this infor- 

mation proxy. We conclude that BVC appears to be a useful 

tool for market researchers interested in discerning trading 

intentions. 

An interesting upshot of these results is that the aggres- 

sor side of trading appears little related to any underlying 

information, a decoupling that we argue arises from how 

trading transpires in modern high frequency markets. Our 

findings complement recent work by Collin-Dufresne and 

Vos (2015) who find that standard measures of adverse se- 

lection relying on estimates of the persistent price effects 
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