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Abstract

We evaluate the accuracy of five trade classification rules for the Warsaw Stock Exchange: tick, reverse tick,
quote, Lee and Ready and Ellis, Michaely and O’Hara. In doing so we use the transaction data on stocks from
the large cap WIG20 index from the period May-September 2017. We find that the quote rule correctly classifies
100% of transactions initiated by buyers and sellers. Almost the same excellent job does the Lee and Ready rule.
The Ellis, Michaely and O’Hara rule is less successful albeit its success rate exceeds 95% of the transactions
assigned to both sides. The tick and the reverse tick rules exhibit a very low accuracy. The tick rule correctly
classifies only 25.35% of transactions initiated by buyers and 25.95% of transactions initiated by sellers. The
reverse tick rule performs even worse classifying as much as 16.66% and 16.67% of such transactions accord-
ingly. The reason for their low accuracy is that the stock prices remain unchanged at the WSE at about 70% of
all transactions. We also show that in case both classification rules are modified to account for either the preced-

ing or the following transactions price changes their accuracy significantly increases.
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1 Introduction

Information on parties to a trade who initiate transactions in financial markets plays an essen-
tial role in analysing the intraday price formation within the trade indicator models setup
(Hagstromer et al., 2016). It is also helpful for determining the information content of trades,
the order imbalance, the inventory accumulation of liquidity providers, the price impact of
large transactions as well as the effective spread (Ellis et al., 2000). In case such information
is not available which nowadays prevails because most public databases do not contain initia-
tor flags, trade initiators and a trade direction are to be inferred using trade classification rules.
These commonly employed in the empirical work include that of the tick (T), the reverse tick
(RT), the quote (Q), the Lee and Ready (1991) (LR) as well as the Ellis et al. (2000) (EMO)
(see Table 1 for their description). Their accuracy, albeit relatively high, varies across mature
markets depending upon the trading price, the trade size and the time from previous trade,
being rather low for short sales and trades inside the quotes (see Ellis et al., 2000; Odders-
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White, 2000; Finucane, 2000; Savickas and Wilson, 2003; Chakrabarty et al., 2007; Asquith
et al., 2010; Rosenthal, 2012). To the best of our knowledge nothing has been known on the
issue for emerging and developing markets so far except from the Taiwan Stock Exchange
and the exchanges in Istambul and Sido Paulo (see Lu and Wei, 2009; Aktas and
Kryzanowski, 2014; Perlin et al., 2014).°

Table 1. Trade classification rules.

Rule Definition

TR Current trade is a buy (sell) if its price is above (below) the closest
different price of a preceding trade.

RT Current trade is a buy (sell) if it is followed by a trade with a lower
(higher) price.

QR Current trade is a buy (sell) if its price is above (below) the mid-point
of the bid and ask spread (mid-point price). Trades executed at the
mid-point price are not classified.

LR Current trade is a buy (sell) if its price is above (below) the mid-point
price (as the QR). In case the trade price is equal to the mid-point
price, the TR applies.

EMO Current trade is a buy (sell) if it is executed at the bid (ask). In case it

is executed at in between the quotes, the TR applies.

The aim of the paper is to overcome this deficiency for the WSE. To this end we use the
transaction data on stocks from the large cap WIG20 index from the period 2 May-29 Sep-
tember 2017. The data come from Thomson Reuters.* We examine the stocks in the WIG20
because they account for approximately 80% in worth of all session trades in the analysed
period. The period itself includes two quarterly revisions being held on 16 June and 15 Sep-
tember. Neither of them resulted in stock entries/exits into/from the index. The transaction
data are stamped to the nearest millisecond. Each transaction record includes information on

the trade price and the volume accompanied by the best bid and ask, the size of bid and ask

% Olbry$ and Mursztyn (2015) estimated the fraction of trades classified as buys and sells at
the WSE by the T, the Q, the LR and the EMO rules but they did not check for the accuracy
of classification.

* The data are collected from the Thomson Reuters Eikon 4 database under the partnership
agreement between the University of Gdansk and the Thomson Reuters company. The system
enables to download the data on trade no older than 3 months.
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and the trade flag. The latter enables us to recognize the transaction type (regular, auction,
cross, etc). Knowing that we identify a particular transaction as being initiated by a buyer
(seller) if the resulting trade price is equal to the best ask (bid) or greater (lower) than that.
Our definition of the trade initiator differs from those of Lee and Radhakrishna (1996) and
Odders-White (2000) who recognize an investor as the initiator if he (she) places either a
market order or places his (her) order chronologically last. We take into account only the
normal trade, normal price and regular order transactions and exclude those of the open price,
auction trade, trading at last, short sales as well as the cross ones. In the result our data set
consists of 4658470 trades.

We find that the Q rule correctly classifies 100% of transactions initiated by the buyers
and the sellers. Almost the same excellent job does the LR rule. The EMO rule is less suc-
cessful albeit its success rate exceeds 95% of the transactions assigned to both sides. The T
rule correctly classifies 25.35% of transactions initiated by the buyers and 25.95% of transac-
tions initiated by the sellers. The RT rule performs even worse classifying 16.66% and
16.67% of such transactions accordingly. Their low accuracy is due to the fact that in the ana-
lysed period the stock prices at the WSE remain unchanged at about 70% of all transactions.
In case we modify the T and the RT rules to account for either the preceding or the following
transactions price changes their accuracy increases to reach 67.59% at most.

The remainder of the paper proceeds as follows. In Section 2 we sketch the present state
of the art in examining the accuracy of common classification rules. In Section 3 we explain
in more detail the nature of data we use in the empirical work and report on the accuracy of
rules in question and their modification. The last Section briefly concludes.

2 Short Review of the Literature on the Classification Rules Accuracy
We gather the results of previous research on the accuracy of classification rules in Table 2.°
Most of the findings invoked therein refer to the U.S. markets. Of a particular interest are
those obtained for assets on data sets exhibiting a more detailed information on quotes and
trades and referring to the multiplicity of rules.

Ellis et al. (2000) used the data on 313 newly traded NASDAQ stocks between 27 Sep-
tember 1996 and 29 September 1997 which contained the bid quote, the ask quote, the price,
the trade volume, a trader identity code and a buy/sell indicator. By using the latter two they

could determine whether a trade was a buy or a sell and documented 77.7%, 76.4%, 81.1%

> We report only on research performed on stocks and options written on them. The full list of
papers regarding other assets is available to concerned readers on a request.
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and 81.9% accuracy for the T, the Q, the LR and the EMO rules, respectively. They also find
that all rules perform rather poorly in case of trades executed inside the quotes, large trades,
trades during high volume periods and Electronic Communications Network trades.

Finucane (2000) based his research on the TORQ database which contained information
on quotes, orders and trade direction for the sample of 144 stocks randomly selected from a
size-stratified population of NYSE stocks for the three-month period November 1990 through
January 1991. He compared the actual trade direction with that predicted by the T and the LR
classification rules and found out that both methods were surprisingly about the same cor-
rectly identifying trade direction between 83% to 84% of the time. He suggested that the simi-
lar performance of both rules was due to the significant sample proportion of cross and
stopped orders and trades between the quotes that might lower the accuracy of LR algorithm.

Lee and Radhakrishna (2000) on the same database noticed that approximately 40% of
reported trades could not be unambiguously classified as either buys or sells mainly due to the
presence of cross and stopped orders. Nevertheless 84.0% and 93.0% out of those classified
agreed with the TORQ classification while identified with the use of the Q and the LR rules.
The similar conclusions were reached by Odders-White (2000) who estimated the perform-
ance of the T, the Q and the LR rules at 78.6%, 74.9% and 85.0%, respectively. She also re-
vealed that the rules systematically misclassified trades inside the quotes, small trades as well
as trades in large or frequently traded stocks. Chakrabarty et. al (2007) concluded on trade
classification rules accuracy using two samples consisted of 750 NASDAQ stocks traded on
the INET ECN, the April and between April and June 2005 ones. The data contained informa-
tion on the order, the trade history as well as on the buy/sell indicator. The major finding was
that applying all rules to both samples resulted in almost equal success rate estimates around
74-77%. Rosenthal (2012) restricted attention to stocks included in the Russel 1000 large caps
and 2000 small cap indices. His dataset covered transactions across 2836 stocks from three
primary U.S. markets (AMEX, NASDAQ and NYSE) on two first trading days of December
2004. He showed that the introduction of delay models for estimating quotes and the model-
ling approach to trade classification led to a 1-2% improvement of the T, the LR and the EMO
rule success rates in comparison to current methods.

Chakrabarty et al. (2015) using the true trade classification for equity transactions derived
from the NASDAQ's Total View-ITCH order book and quotes and trades data from the Daily
TAQ database provided by the NYSE showed that the success rate for the T and the LR rules
were around 90-92%, but the latter rule was slightly more accurate across all strata (time, vol-

ume and trade bars for large, medium and small caps).
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Table 2. Trade classification rules accuracy — summary of the literature review.

Study Market, Instruments, Period Rule
T Q LR EMO
Ellis et al. (2000) NASDAQ, 313 stocks, 96M9-97M9  77.7 76.4 81.1 81.9
Finucane (2000) NYSE, 144 stocks, 90M11-91M1 83.0 84.4
Lee and Radhakrishna NYSE, 144 stocks, 90M11-91M1 84.0 933

(2000)
Odders-White (2000) NYSE, 144 stocks, 90M11-91M1 786 749 85.0
Savickas and Wilson CBOE, 826 options, NASDAQ/OTC 59.4 828 80.1 76.5

(2003) stocks, 95M7-95M12
Chakrabarty et. al (2007) NASDAQ, 750 stocks, 05M4 75.6 75.8 76.8
NASDAQ, 750 stocks, 05M5-M6 754 744 75.8
Asquith et al. (2010) NASDAQ, 100 stocks, 05M3, M6,  41.3° 37.5° 39.1°
M12 60.3° 61.0° 62.9°

NYSE, 100 stocks, 05M3, M6, M12 4.7° 14.4° 14.6°
98.9° 83.6° 88.0°

Chakrabarty et al. (2012) NASDAQ, 200 stocks, 05M6-M12 68.2°
69.2"
Rosenthal (2012) NYSE, NASDAQ, AMEX, 2836 66.2 71.7 728
stocks, 04M12
Chakrabarty et al. (2015) NASDAQ, 300 stocks, 11M5, M6, ~ 90.8' 92.6'
M7 89.7" 91.6"
89.2iii 91.2iii
NYSE, 300 stocks, 11M5, M6, M7~ 91.7' 93.4'
89.0" 90.9"
87.8" 90.1"
Aitken and Frino (1996) ASX, ECN, all stocks, 92M7-94M6  74.4
Theissen (2001) FSE, 15 stocks, 96M9-96M10 722 754 728
Lu and Wei (2009) TWSE, 684 stocks, 06M1-M6 742 928 965 95.0
Aktas and Kryzanowski  BIST, 30 stocks, 08M6-M12 904 950 96.4 86.9
(2014)
Perlin et al. (2014) BOVESPA, 15 stocks, 09M1-10M1  72.0
Poppe et al. (2016) DB, 30 stocks, 12M10-M11 82.0 86.6 90.4
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®Buyer initiated trades, *Seller initiated trades, *'Short trades, "Long trades, ‘One-hour time
bar; "100-trade bar; "'10000-volume bar. In case of Asquith et al. (2010) the maximum levels

of accuracy are given.

Finally Savickas and Wilson (2003) compared the ability of the trade classification rules
in question to classify options trades at the CBOE. Their dataset reported the trade direction
on options underlain by 826 assets, mainly stocks from the NYSE/AMEX and the NASDAQ/
OTC. They estimated the rule success rate ranging from 59.4% (T rule) to 82.8% (Q rule).
More interestingly, all rules happened to perform very poorly for the index options. The main
source of their misclassification were outside-quote and reversed-quote trades.

The general conclusion stemming from the short review of accuracy rules performance on
the U.S. markets is threefold. First, the estimates of accuracy apart from those reported in As-
quith et al. (2000) for short sales range from mediocre to marvellous. Second, the LR rule and
(or) the EMO rule perform better than their T and (or) Q counterparts on the NASDAQ, the
NYSE and the AMEX, but on average the difference in their accuracy is rather slight (see
Ellis et al., 2000; Finucane, 2000; Lee and Radhakrishna, 2000; Odders-White, 2000; Chak-
rabarty et al., 2007, 2015; Rosenthal, 2012). Third, trades in between the quotes and cross
orders are deemed to have been the main sources of misclassification. The same applies to
other international markets: the Deutsche Borse (Poppe et al., 2016) and the Taiwan Stock
Exchange (Lu and Wei, 2009). However at the CBOE, in Frankfurt and Istanbul the Q and the
LR rules perform the best (see Theissen, 2001; Aktas and Kryzanowski, 2014; Savickas and
Wilson, 2003).

3 Data and Empirical Results

Our primary dataset covers transactions on stocks from the WIG20 in the period 24 April-5
October 2017. It consists from trades labelled with 10 different trade flags indicating possible
transaction types being executed at the WSE albeit it is the ‘Normal Trade, Normal Price,
Regular Order’ trades that dominate the dataset.® Thus we clean it up dropping all residual
flag trades as well as those of April and October to retain only those exhibiting the three-
month regular trade in 20 largest cap stocks from May through September. Next we identify
the trades as buys, sells and those executed inside the quotes (closer to the best ask/bid and

not identified — traded at the mid-point price) comparing their trade prices with the best asks

® They constitute 96.63% of the dataset. The relevant frequency statistics are available to con-
cerned readers on a request.
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and the best bids that follow. We stack the results of cleaning up and identification of trades
(trade initiators) in Table 3. They indicate that of all trades the buys at the best ask and the
sells at the best bid prevail adding up to 99.35% of all cleaned trades. A tiny rest mainly con-
sists of all inside the quotes trades including those not identified and those closer to the best
ask and closer to the best bid. The fractions of buys above the best ask and sells below the
best bid are residual.

Table 3. Trades included in the cleaned dataset by their type.

Trade type No. of trades Fraction
Buy — Above Best Ask 1859 0.04
Buy — At Best Ask 2323008 }2324867 49.87 } 49.91
Inside — Closer to Best Ask 11756 \ 0.25
Inside — Not Ident 822 26366 0.02 0.56
Inside — Closer to Best Bid 13788 [ 0.30
Sell — At Best Bid 2305169 ¥ 49.48
Sell — Below Best Bid 2068 J2307237 0.04 49.53
All trades 4658470 100.00

Table 4. Classification success rates for the T, the RT, the Q and the LR rules.

Trade type T RT Q LR EMO

Buy — Above Best Ask 2222 3556 100.00 100.00 22.22
Buy — At Best Ask 25.35 16.64  100.00 100.00 95.82
Inside — Closer to Best Ask ~ 20.58 1524  100.00 100.00 20.58
Inside — Not Ident 87.10 66.79  100.00 87.10  87.10
Inside — Closer to Best Bid ~ 21.78 1298 100.00 100.00 21.78
Sell — At Best Bid 25.96 16.66  100.00 100.00 95.79
Sell — Below Best Bid 32,74 2713 100.00 100.00 32.74
Buy 25.35 16.66  100.00 100.00 95.76

Inside 23.28 15.66  100.00 99.60  23.28

Sell 25.97 16.67 100.00 100.00 95.73

All trades 25.64 16.66  100.00 100.00 95.34

The results in Table 4 lay groundwork for the accuracy comparison of the rules in ques-

tion. The accuracy statistics derived for all trades show that the Q rule performs the best cor-
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rectly identifying all trades. The second is the LR rule which does almost the same excellent
job. The next is the EMO which misclassifies only 4.66% of all trades. The remaining rules
perform very poorly. The T rule misclassifies 74.36% of all trades while the RT rule misclas-
sifies as much as 83.34% of them.

The accuracy statistics derived solely for buys, sells and inside the quotes trades indicate
that the LR rule misclassifies only 0.4% of the latter. The EMO is slightly worse misclassi-
fying 4.24% of buys, 4.27% of sells and 76.72% of inside the quotes trades. The accuracy of
other rules for buys, sells and inside the quotes trades is about the same as their accuracy for

all trades.

Table 5. Classification success rates for the modified T and RT rules.

Trade type T1 T2 T3 T4 T5 RT1 RT2 RT3 RT4 RT5
Buy — Above BA?  31.79 36.47 39.27 40.77 41.64 51.86 59.33 64.17 67.24 69.34
Buy — At BA 40.62 50.55 57.45 62.45 66.18 26.26 32.40 36.63 39.70 42.00
Inside — Closer to BA 33.07 40.90 46.87 50.88 53.99 22.58 26.62 29.13 30.74 31.77
Inside — Not Ident  77.13 69.46 63.14 57.91 54.50 48.66 37.47 28.95 23.97 20.68
Inside — Closer to BB” 35.05 44.22 50.46 55.03 58.38 19.18 22.86 25.18 26.59 27.47
Sell - At BB 41.57 51.78 58.82 63.85 67.59 26.45 32.65 36.90 39.97 42.26
Sell -Below BB 49.85 59.04 64.94 69.29 72.10 39.51 46.23 50.39 53.29 55.27

Buy 40.61 50.54 57.43 62.43 66.16 26.28 32.42 36.65 39.72 42.03
Inside 35.48 43.53 49.26 53.27 56.30 21.62 24.99 27.06 28.36 29.18
Sell 41.58 51.79 58.82 63.86 67.59 26.46 32.66 36.92 39.98 42.27
All trades 41.06 51.12 58.07 63.09 66.81 26.35 32.50 36.73 39.78 42.07

aBA — best ask, °BB — best bid

The poor performance of the T and the RT rules (and the EMO for inside the quotes
trades) is due to that in the period in question prices at the WSE remain unchanged at about
70% of all trades. But in case sequences of two and more consecutive trades are considered
the fraction of them for which prices remain unchanged dramatically decreases. That is why
we propose a modification of the T and the RT rules to account for either the preceding or the
following transaction price changes. Their performance for different sequence lengths up to
five is given in Table 5. In what follows the accuracy of both classification rules increases
with the increasing length of sequence considered to reach at most 66.81% for the T5 rule.
For all trades the estimates of accuracy statistics for the T rule are superior over those for the
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RT rule. The difference in classification success rates ranges from 14.71% (R1 vs. RT1) to
24.74% (R5 vs. RT5). Almost the same applies to the buys, the sells and the trades executed
inside the quotes. Nevertheless the accuracy rates for the modified RT rules are rather at un-
acceptable levels (below 50%). The accuracy of our classification results is comparable to
those of Lu and Wei (2009), Aktas and Kryzanowski (2014), and Perlin et al. (2014) for
TWSE, BIST and BOVESPA respectively, except for the T rule.

Conclusions

We estimate the accuracy rates of five common classification rules (T, RT, Q, LR, EMO) us-
ing the tick data on 20 large cap stocks listed at the WSE in the period May-September 2017.
We find that the Q rule performs the best correctly identifying 100% of trades. The second is
the LR rule which misclassifies only 0.4% of the inside the quotes trades. The next is the
EMO misclassifying as much as 4.66% of all trades. The T and the RT rules perform very
poorly misclassifying 74.36% and 83.34% of them, respectively. The reason is that in the ana-
lysed period prices at the WSE remain unchanged at about 70% of all trades. In case we mod-
ify the T and the RT rules to account for either the preceding or the following transactions
price changes their accuracy increases to reach at most 66.81%. For all trades the estimates of
accuracy statistics for the T rule are superior over those for the RT rule.
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