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Abstract

With the advent of “smart” algorithmic trading systems driveparnt by more transparent data
offerings from market venues, information leakage from order plateiséhe nightmare of any
market participant. Market participants are camouflaging thi&nt more than ever by strategic
placement of hidden volume throughout the order book via iceberg and/or disangdimit or-
ders. This paper identifies simple, stylized facts which alidtw other market participants to
evaluate the likelihood of finding hidden volume. Based on our model, we ddintghe hid-
den volume and also assess the probability that a market ordbeweilecuted within the spread
and better than the mid-quote. The cost per immediate execution battdreassessed. More-
over, we can identify the delicate balance between submitting anhedgus visible limit order
that an informed trader may use to stimulate the market towardguilibrium goal without re-
vealing too much information.
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1. OVERVIEW

With the current trend towards more transparency in order driveticglecmarkets (the latest
examples being the new level 2 and real-time data products offefdASDAQ and NYSE) it
is clear that the market is demanding greater transparenoguarghcy of market information.
The limit order book offers the ability for market participant®serve the level of market li-
quidity by seeing the price and quantity of unexecuted limit ordersitiBsing this data, market
participants can implement a range of “game theoreticaltegfies and choose limit orders with
specified price, quantity, and timing, thus allowing them to minirekarution costs and uncer-
tainty, hide market information, and possibly move the market towards the desired price.

Given the concerns associated with information leakage due to ordemglats, most market
venues are allowing market participants to enter limit ordeisowi revealing the full share vol-
ume size and/or the associated price level (“iceberg”, “undistloee “discretionary” limit or-
ders). This brings with it the complex interrelationship betwegrosure risk (adverse selec-
tion), market liquidity, and the need for transparency.

From a market design point of view, hidden limit orders represent a reabffduktween liquid-

ity and transparency. Trading systems need to attract liq@ddytrading activity. The avail-
ability of hidden limit orders encourages limit order tradersufgply liquidity when they might
be hesitant to fully disclose their trading interests thus isgrgahe liquidity on the system.
However, hidden limit orders by their nature do not add information to #érketnand thus do
not help in the market’s transparency. Specifically, hidden ordadeittse spread will not at-
tract activity to a venue, since most order routing systems cgropatate on visible informa-
tion. So, hidden limit orders clearly diminish the supposed benefitartdarent order driven
markets: price efficiency, low costs of market monitoring and leformation asymmetries
(Madhavan [2000]).

The concept of hiding transaction fingerprints has been around for sgearslbut has recently
seen increased popularity due to the advent of algorithmic traditegrsy/such as ITG’s “Dark
Server™ or CSFB's “Guerilla” which utilize continuous mid-point crossesni Dark Books.
For illiquid stocks, which have larger intra-day volatility, the cquad hiding allows the market
participant to be able to transact with minimum market impact.

Hidden limit orders have become an important limit order type. Idaskrand Saar [2002]
show that hidden orders account for more than 12% of all orders execut#dnol) and Tuttle
[2005] reports that hidden liquidity represents 20% of the inside depth Maseiaq 100 stocks.
D’Hondt, De Winne, and Francois-Heude [2004] find that hidden depth on Euronex@aPar
counts for 45% of the total depth available at the best five quotes andfab&total depth at
the best limits.
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These findings suggest that there are underlying factors the¢ @amarket participant to use a
hidden versus a visible limit order, considering the controversiahnidity behind using hidden
limit orders. Consistent with previous literature, there arerham beliefs for the existence of
hidden limit orders. The first argument is that hidden limit oréeesused by large liquidity
traders to reduce their exposure risk by hiding their intent to.tridether words, liquidity trad-
ers use hidden limit orders as a self-protective strateggsaggher more informed traders. The
other argument is that hidden limit orders are mostly submittadfogsmed traders to conceal
their insider information. By placing (aggressive) hidden limiteos, market participants with
insider information can trade fast and almost unobserved. Therefamnad traders may pre-
fer using undisclosed versus displayed limit orders for certain market conditions.

Taking into account undisclosed limit orders can dramatically chidwegpicture of the limit or-
der book at any given time of the day. From Figure 1, it can bl easicluded that if we
wanted to instantaneously execute a buy market order for 1000 shares\mdny Argonaut
Group Inc., the cost associated with that trade (benchmarked on the existing mjdaguddebe
$0.05 per share. However, if we were able to reconstruct the book in a way tdednttie hid-
den shares using information from the prevailing market conditions,ou\then see that the
“true” cost for the 1000 shares is actually only $0.045 per share (see Section 4 for nils)e deta

A trader seeing the “true” limit order book instead of Figure ghinbe willing to consider the
opportunity cost relative to the market dynamics associated witbviag only a portion of the
desired volume from within the spread which leads to improvement in per shaaeticansost.
This trader would also be able to evaluate the probability that anierfiéed within or below
the existing visible best ask price.

Our main goals in this paper are to estimate the probabilityeogxistence of hidden volume, to
calculate this volume between the best bid and ask, and to predictubélacation (price) of
this hidden volume. With this information, we are able to construct apthglia complete limit
order book, which includes the expected hidden volume at the appropriate price levels.

Reconstructing the limit order book around the best levels allowsmedsure the “true” execu-
tion prices if we place market orders or marketable limit arddhe possibility of getting better
than expected execution prices has two main implications:

- quantifying best execution (ignoring execution improvement can be adistg when
comparing execution quality across markets with significant nonagisgladditional li-
quidity)
undisclosed volume is an integral part of the pricing process. Wesegithat price im-
provement is the largest when spreads are narrow and the voiatiitge. We are able
to understand the traders’ behavior relative to the additional infamistithe limit order
book. We believe that the findings are of great interest not ortlgrins of modeling
pure order driven markets and characterizing traders’ behavior, buinadgving us an
advantage as it relates to implementing an automatic semyaidlify and asymmetric in-
formation) algorithm. This research sheds some light on some dpasstions of pre-
trade transparency and the challenges faced when developing lztieg @lgorithms
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(Yang and Borkovec [2005], Domowitz and Yegerman [2005a]) to improve trading pe
formance (Yang and Jiu [2006], Domowitz and Yegerman [2005b]).

This paper is organized as follows. The data used is describedtior52 and in Section 3, we
highlight the static empirical evidence associated with hidden voaundets placement. In Sec-
tion 4, we reconstruct the limit order book and highlight possible apphsat The paper con-
cludes in Section 5 where it also identifies future research.

2. The Data

Our research data includes three months of Comstock level 2 (LZ)meainformation from
ARCA. We use two months data from June to July 2005 to estimatenginical models and
use August 2005 for out-of-sample testing. With the same informataitalale to any market
participant using the limit order book, we receive messagesedfattradditions, cancellations,
and modifications of all orders on the book. To match trades with dirdérs, we examine L2
messages within a 2-second time bandwidth to find the order calcetatmodification mes-
sage which corresponds in price, size, and exchange to a partiad&r tf a trade is matched to
an order message, the side classification of this trade imettdiom the message; this trade
would be classified as being visible. If there is more than onehmae assume that the correct
match is the one which is closest in absolute time differenaeebatthe time stamp and the
message time. If a trade couldn’t be matched with a limitrondssage, then the trade is classi-
fied as ahiddentrade (coming from a hidden/undisclosed limit order). To deterrhmsitle of
the hidden trade we use a generalization of the Lee and Ready [1991] al§orithm.

Table 1 describes the tickers used in our model, based on markelizamta More than 78%

of the tickers chosen belong to small cap stocks, 13% belong to megiatocks, and the re-
maining 9% belong to large cap stotk§&or each large cap stock, the average number of trades
per day is 7,900 with an average trade size of 920 shares. AslMiosrmeall cap stock, the aver-
age number of trades per day is approximately 280 trades with sagavieade size of 520
shares. Of the trading activities for the small cap stocks, @88 traded volume is classified

as hidden while the number is only 21% for the large cap stocks. Apmatly 96% of all or-

ders added to the book are eventually cancelled. Of the cancelles| am@oximately 10% can

be classified as fleeting order§ he data also shows that on average, hidden orders have a larger
size in comparison to orders that are fully displayed. This rissodinsistent with Harris’ [1998]
findings that traders often restrict displayed orders, espetaaltyrders with larger expected re-
mainders.

Given that our model is trade-based in nature, we think that cliagssipcks by market capitali-
zation is inadequate since stocks within the same market cap grougifier significantly in
trade volumes. Therefore, instead of the commonly used market icapibal, we group stocks
based on their 21-day median trade share volume; this allows ussdyctiocks with similar
trade volume within the same group. To get a representative safmjpt&ers across the uni-
verse, we rank all available tickers (approximately 7,000) accotditigeir 21-day median trade
volume at the beginning of our sample period and then divide this univessgleémen liquidity
groups withLiquidity Group Orepresenting the least liquid stocks &mguidity Group 10repre-
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senting the most liquid stocks. For each of the eleven liquidity groups, we then rasdteotya
sample of tickers to use in our pooled data model. Loosely speakingcamatocks belong to
Liquidity Group 0 to Liquidity Group 7, mid cap stocks belong to Liquidity Gr8up Liquidity
Group 9, and large cap stocks belong to Liquidity Group 10.

In order to justify our grouping, we examine order placement in eqeidity group to see if
there is a clear difference in how limit orders are placedsacdifferent liquidity groups. We
classify limit order placement into three categories:AT)which represents limit orders being
placed at the best level, BETTERwhich represents limit orders being placed between best bid
and ask, and (3AWAY which represents orders being placed at prices worse than tHewest
els. From Figure 2 we can easily see that the placementpiatt@ot similar across any liquidity
group. For the lowest liquidity group, more than 28% of all new lingies were placedT the

best bid and ask level while for the most liquid group, 48% of all et dirders were placed
AT the best bid and ask level. The difference in percentage seftectifferences in share trade
volume, urgency to get order completed, and the competition within the liquidity group.

In this pooled data analysisywe look for specific factors that we expect to affect the fitiba
of hidden order placement. One intuitive hypothesis is that hidden orgensoae frequently
used for stocks with a high exposure risk (Harris [1998]). We sgeciat in a market with
low volatility, hidden orders reduce the chances of being front-run andvéhespect volatility
to play an active role in our analysis. In markets that enforeefrecedence, front-running can
be very expensive. Since front-running is expected to be more expémssatecks with rela-
tively low prices, we also expect the use of hidden orders to bertghihose stocks. As for
uninformed traders, the option value of limit orders is affected tiprfa like volatility Mid-
Quote Volatility, trading activity Depth Size, Time Since Last Trade, and Sgraad time to
total (partial) execution. We also speculate that the order esgdsk is related to the expected
time for an order to be (totally) executed and that the frequenoydefs that are partially dis-
played is related to the trading frequency of a stock.

The next concern is associated with the time of the day. Are fhvileged periods over the
trading day to enter hidden orders on the market? Do we see mparkeipants placing limit
orders at specific periods of the dayWe divide the trading day into thirteen 30-minute time
bins and examine the order placement pattern. Clearly from Figuhe time of day seems to
explain where an order might be placed. At the opening of the markeno real information,

a market participant might be equally likely (33%) to placendt lorderBETTER AT, or AWAY.

As the day progresses, we see that by 3:30-4:00pm, the probabilitparkat participant plac-
ing a limit order within the best bid and ask drops to 18%. When we |Idbk atverage number
of limit orders per ticker placed throughout the day, we note thatlmosorders are placed at
the first 2.5 hours of the trading day. This pattern is consistent across all liquidipsg

When we examine the pattern associated with the number of the platsed based on the time
period of the day, it seems to mimic the spread curve. This gagbatsthe time bin might not
be a factor associated with limit order placement and that watre observing is really limit
order placement relative to the spread. The spread also captenesmtket impatience and is
possibly the first hint that there might be asymmetric infoionaamong the market playérs

4
The ideas and concepts addressed herein are subjéotpatents pending by an affiliate of ITG Solutiors

Network, Inc.



Glosten and Milgrom [1985] is among the many papers that identifyrfeaitnation asymme-
tries among investors influences the bid-ask spread. Large spoedd seem to suggest that
there is little or no market information or activity. If weaexine the commonly known spread
profile, the spread is on average largest at the opening of thetn(re information searching
period) and, as the day progresses and information is captured throughrket transactions,
the spread declines and reaches its lowest level by the end of the trading day.

A good hidden volume predictor must potentially take all of the previalisgussed variables
into consideration. Some of these variables describe the stock pniamidg, while others de-
scribe the “fundamental” or historical characteristics of the stock. Tttesaetion will discuss in
more detail our model and its associated input variables that have been found meaningful.

3. Model

3.1 Size of Undisclosed Limit Order Volume

In this section, we describe the model and look at the empiricals@ssociated with estimating
the size of the hidden volume and its location (placement) betweapried. To achieve this
goal, we identify (a) all trades that have been executed througttiaseid limit orders and (b)

their associated market conditions. Given that we want to moddiditrete choice of placing a
hidden versus a visible limit order, we use a probability regressomtel that maps trade volume
with market conditions. We consider different trading horizons (tradistantaneously, or

within a 1-, 2-, 3-, 4-, or 5-minute period). A regression model thatus®yg the hidden trade
volume that is actually executed would produce estimators whidbiased downward. To cor-

rect that aspect, we specify necessary censoring conditionsiallate the model’s strength and
to identify a few stylized facts, (1) we examine the priorebelnd match it with the empirical

results to see if these results are consistent acrosgjatity groups, and (2) we estimate
McFadden’s LRI to approximate a pseudofé assessing the goodness of fit.

Based on our research, we identify a few stylized facts étaiterto modeling hidden volume.
The effective spread and volatility measures capture the lewedragfrunning and any abnormal
market movement which could be associated with asymmetric informaerding, market cor-
rections, or short-term movements. Less than normal effective spreadasdict many market
participants are front-running and hence, to camouflage some of thadtligiemand, the hidden
volume would be greater. As for volatility, high volatility relethe market uncertainty and the
possibility of hidden volume being executed away from the mid-quote. Mgthvolatility lev-
els, we expect that a market participant will place more higdemme, since the probability for
being executed increases and no information or strategy is r@\tedle market. We expect the
coefficients associated with effective spread to be negativéhancoefficients associated with
volatility to be positive. This is consistent with our findings in Table 2.

We know that market participants are monitoring the changes inhtdpe ©f the limit order
book. We expect that they are tracking order additions, cancellatiept, previous 15-
seconds mid-quote returns, and the misalignment of the mid-quote as$aelkitive to the
composite market. These variables act as the frontline varitblegpturing market dynamics
and participants’ gaming/strategy. Our results suggest thia additions than cancellations of
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limit orders is a signal that there are players in the nhdhlet hope that such actions stimulate
the market, perhaps to attract the market towards their undisclosed volume.

When the mid-quote is misaligned, we observe that if the ECN'sqote is less than the com-
posite mid-quote price, the expected buy hidden limit order volume witdsethan that of an

ECN which has a mid-quote that is equal or even greater thabitigosite mid-quote price. In
other words, we expect that hidden buy (sell) limit order volume fslline ECN with the high-

est (lowest) mid-quote price.

Apart from these variables, we examine the previous hidden volumeteaecAt first glance,
one might dismiss this variable as being invisible, and hence nbal@leeexplanatory variable.
However, this would be mixing the concept of “hidden” with that of “irblesi orders. After an
execution against hidden volume takes place, there is a telddke tick which is printed. Our
research indicates that if we find hidden volume, there is a goodectizatcthere will be more
hidden volume in the near future. Some of the results of this research are presentezl2n Tabl

3.2 Location of Undisclosed Limit Order Volume

In the previous section, we modeled the size of hidden volume thatume$$o be located be-
tween the best bid and ask. In this section, we go further by éstgmadnere this volume might
be located between the best bid and ask. To achieve this goal, wetbeigpread into uni-
formly spaced regions and use the explanatory variables to estimegprobability that an order
is placed in that region.

Our premise is that market participants observe the market @orsdiéind from that, decide
where to place hidden volume. Hence, changes in the state of thertien book cause partici-
pants to reevaluate their placement strategies. We assunteelitundamental” factors, abso-
lute historical spread (in cents), and volatility contribute to ifi@gng where hidden orders are
being placed on the book. Our assumption is that placement is basedewegentarket condi-

tions such as absolute spread and volatility. This model maps thierooka hidden order with

existing market conditions. Table 3 gives a brief relationship deztva few market variables
and the placement of hidden volume.

If we examine stocks in Liquidity Group 8 and divide the bid-ask spraadsix equally sized
groups, then Figure 4 illustrates how the placement of hidden volume shaitjehe spread
where Region 1 includes the best ask price and Region 6 includesgibe peor to the best bid
price. As spread increases beyond its normal levels, hidden volumaeslikely to be redis-
tributed within the spread. This pattern holds true across all liquidity groups.

3.3  Testing the Model

To examine the strength of the model in predicting the hidden volumésapidécement on the
order book, we aggregate all (partial) executions that have e sign (buy or sell) and occur
around the same time on ARCA. For each of these trade clusteidentdy and save the exist-
ing market conditions and calculate the cluster volume, the shagbte@iaverage execution
price, and the average execution price that is derived from thevedsemadjusted limit order
book at the start of the cluster execution. The difference between the limiboades perceived
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execution pricev, and the actual execution prige, is what we refer to as thértual Price Er-
rorv, - p,. Virtual Price Errorsare typically positive and give a first impression about the us-

ability of the displayed limit order book alone. Next, we reconsthetimit order book based
on the prevailing market conditions using the models that have been déau&ection 3.1 and
3.2 and we include the estimated undisclosed limit order volume appihepaiate price levels.

Based on our adjusted limit order book, we then determine the estiexaeation pricev,"®"
and theNew Virtual Price Errorv"®" - p; .

The above procedure enables us to: (a) have a one-to-one comparisom laetwaleand esti-
mated prices, and (b) evaluate the superiority of the adjusted limit order bookeuwaatjusted
limit order book. To assess accuracy, we study varying scenarieadh liquidity group, con-
sidering different Time Of Day and different levels of VolgtjlSpread, or Limit Order Volume
Activity. More precisely, for each liquidity group and scenario wegute the average Virtual
Price Error and average New Virtual Price Errors for atigsoups of each scenario. Figure 5
shows the graphical comparison between the averageal Price Error and averagdlew Vir-
tual Price Errorfor all stocks that have been classified in Liquidity Group 2. Tduirtg day is
broken-up into seventy-eight 5-minute bins and we present the anérage Price Error and
averageNew Virtual Price Errorin each of these subgroups. In order to capture/itigal
Price Error distribution, we also graph the 5% and 95% levels. We see that @yayvtrere is
an error of approximately a 5-cent difference between whatartwmould believe to be the in-
stantaneous trade execution price if he only looks at the displaygdider book, and the ac-
tual execution price. That bias is eliminated when we use our rteoddjust for the hidden vol-
ume. Similar results hold for all other scenarios that we haamieed which, for brevity, we
omit here.

4. Example of Short-term Price Impact using the Reanstructed Book

In what follows, we illustrate and discuss the practical impoetariour model described in the
previous section. We create a static example associateglacing a market order and we ex-
amine both the cost and the price impact associated with exethiogder instantaneously and
within a 2- and 5-minute bin period.

The price impacPl; of a market order is defined as the difference between the last execution
price p,""*' and the mid-quoten immediately prior to the market ordier Similarly, the cost

Ci of a market orderis defined as the difference between the share-weighted aw@gétion
price p, and the mid-quoten immediately prior to the market ordeMore precisely,

1= d A{p™ -m) andc =g o

whered =1 for a buy market order ang = -1 otherwise.

From Figure 1, executing a buy market order of 1000 shares of the codgamaut Group
Inc.® would have a price impact of $0.10 and the cost per share would be $0.0BusKation
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purposes, we assume that at 10:40 am, Argonaut Group Inc is veryyaittdeld with an effec-
tive spread of one deviation less than average and volatility beingatinef a deviation higher
than normal. Moreover, we assume that in the previous 5-minute bin, bd@Beshares traded
we classify 30% as being hidden shares. From the specified noaridtions, we estimate that
there will be around 60 hidden shares instantaneously available behedsst bid and ask and
147 and 280 hidden shares of sell limit orders within the next 2 and 5 mimredgpectively. Ta-
ble 4 gives the complete breakdown.

Next, we look at where we can locate the estimated hiddenragllokder volume, that is, at
which price level we could expect the undisclosed sell limit ordgiging the probability model
discussed in Section 3.2, we estimate the probability associatedatit price level between the
best bid and ask. Given the market conditions for Argonaut Group Inc. at mQ:4@hle 4
shows that there is approximately 4.6% of hidden sell limit order wliaTated at the price
level $35.00 and that 15.45% of total hidden sell limit order volume is biaié& or below
$35.02. As for the best ask price ($35.05), we find that there is apprekiriid®o of the total
hidden sell limit order volume located at that level. If we recansthe limit order book to in-
clude the hidden volume (we multiply the probabilities by the total hidé#rimit order vol-
ume), the price per share traded for the instantaneous trade madeh@vassumption of locat-
ing 59 shares) is $35.065 and the cost is $0.045, which is lower than thatedtoost for the
unadjusted book. The price impact remains as $0.10. Figure 6 gives &teognaphical repre-
sentation of the trading horizon, the hidden sell limit order volume, andviirage execution
price. Some of the results are presented in Table 4.

Figure 6 shows the average execution price based on the unadjusteflifsia order book in
comparison to the adjusted book that takes into account trading instantgreewliglith 1-, 2-,
3-, 4-, and 5-minute horizon. As the trading horizon increases, and thet plaglexs execute
against the estimated volume within the next 5 minutes, the avexpgeted execution price
falls to $35.052 and the expect price impact decreases to $0.05.

5. Conclusion

While market venues strive to achieve greater transparencydsingfimarket data products with
more granular and current information, market participants, in thenad@ for minimal infor-
mation leakage, continue to hide their trading intent by placing hideh&noliders. This conflict
between market transparency and traders’ secrecy complibatg¢ask of algorithmic trading
systems of seeking out both liquidity and best execution, and it coteglitee tasks of the mar-
ket participant by obscuring the true liquidity of the market.

The rising popularity of placing undisclosed limit orders instead sjflayed limit orders, has
greatly limited the usefulness of the limit order book when it comes tioathgparency of market
participants’ actions. We have shown that using a “simple” kimder book is insufficient for
estimating true liquidity and transaction costs. Furthermore, veethat utilizing an analysis of
the “simple” limit order book and ignoring the undisclosed limit ordeuw@ actually alters the
execution optimization and the transaction and opportunity cost reductidnaveias towards
lower available liquidity and higher transaction costs.
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It can easily be inferred from our results that ignoring the prbtyabf undisclosed volume
within the spread greatly limits (at best) the ability @fosithmic trading systems and smart or-
der routing systems to find the best execution price for marketsordalgorithmic trading sys-
tems must either uniformly search across different market véatiasgreat opportunity cost) or
devise smarter ways to seek out available liquidity. As foafsmarder routing systems that do
not take into account the probability of undisclosed volume within the spread - well, they aren’

This paper highlights a few stylized facts that provide markeicgents an easy way to monitor
the limit order book for liquidity. In summary we see, in genelat the Effective Spread is
negatively correlated to the hidden liquidity and that the Mid-QuotatWo), Additions Be-
tween Best Bid And Ask, and the Additions Less Cancellations hpositively correlated to
hidden volume. Although these facts do not permit a reconstruction ofehlé ook they are
nonetheless useful in getting at least a sense of the overall higigiélity, if not also its size and
location.

The model discussed in this paper goes further than the stylizedifaould be used to enhance
the existing picture of the limit order book by synthesizing thel*kmit order book based on

the probability of hidden volume, including its location (in the book), size, and venue. The major
implications of utilizing this extra information are twofold and gppbth to automated trading
systems and market participants’ strategies. We offer somale examples here. For algo-
rithmic trading systems and smart routing systems it would b@abwhat given equal price and
liquidity across multiple venues, the best choice of which venue to tow®uld be the one
with the highest probability of undisclosed volume within the spreadyewdd consider these
systems to be “smart”. For market participants, this enhanced book of infmrroati be used to
guide a liquidity trader to the best sources of liquidity and it cpoléntially be used to drive
enhanced limit order trading models. By utilizing this enhanced book in choosing to plaite a lim
order, and in selecting its price, size, time, venue, and whether rshould be displayed, the
market participant has a more realistic view of how others will respond to lus.acti

So, in the game of market liquidity hide-and-seek, we are suralg@ithmic trading systems
and market participants that ignore hidden order liquidity are fundallydmadicapped and are
stumbling around in the dark, when compared to systems and playersilibattioe spotlight
that hidden volume models shine on the limit order book.
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END NOTES

(1) We found that most of the explanatory power oflthek is concentrated within the dynamics associated
with the visible best quotes. This finding is dstent with Pascual and Veredas [2004].

(2) Madhavan [2000, page 234] defines pre-trade tramspg as “the wide dissemination of current bid and
ask quotations, depths, and possibly also infomnauch as the existence of large order imbalance.”

(3) To establish a level of reliability for our sideaskification algorithm, we test our algorithm agaiproprie-
tary ITG execution data where we know the side.r @atching algorithm was approximately 90-95% ac-
curate.

(4) We define a stock as being small cap if its mackgitalization is less than $1.5 billion. If theurket capi-
talization was greater than $1.5 billion but ldsant $10 billion, we consider those stocks as medé&mn
stocks. All other stocks are classified as lamye stocks.

(5) Fleeting orders are orders which are added ancetaddrom the book within less or equal 2 seconitise
time stamp on each order is defined in secondshfidask and Saar [2004]).

(6) The pooled data consists of more than 325 tickiessed across two months of data.

(7) The model could be extended to capture the anosnatisociated with days of the week and month of the
year. We could extend the model to take carentifii associated with rebalancing portfolios.

(8) Glosten [1987], Glosten and Harris [1988], Geotgauyl, and Nimalendran [1991], Brockman and Chung
[1999] consider decomposition of bid-ask spread.

(9) See Greene [2000] for examples of this proxy for R

(10)Argaunot Group Inc. has been selected for illustegburposes at random.
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TABLE 1

CHARACTERISTIC

LARGE CAP STOCKS

MID CAP STOCKS

SMALL CAP STOCKS

(DAILY AVERAGE) (CAP>$10BILLION ) ($10BILLION <CAP<$1.5BILLION ) (CAP<$1.5BILLION )
TRADES:
Number of Trades 207,000 87,800 72,000
Size of Trade (Visible) 370 300 200
Size of Trade (Hidden) 550 450 320
Percentage of Trade Hidden 21% 23% 28%
FLEETING /CANCELLATION :
Number of Fleeting Orders 328,500 126,800 160,100
Fleeting Orders/Total Cancelled Orders 11% 9% 13%
Cancelled Orders/Total Added Orders 96% 96% 97%
Number of Stocks 26 43 260

Table 1 represents data from Comstock’s ARCA dagal fon 329 tickers from June-August 2005. Theetiglare
divided into three market capitalization categomé®ere the small capitalization category represéokers with

market capitalizations less than $1.5 billionthé market capitalizations of stocks were gredtan 1.5 billion but
less than $10 billion, the tickers are classifisdvad capitalization stocks. All other tickers &tassified as large
cap stocks. Fleeting orders are orders which @dedhand cancelled from the limit order book withitwo seconds
period. Hidden trades are trades which can’t biehea to a limit order execution.
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TABLE 2

Mid-Quote Standardized

Liquid- | Goodness| Lagged -1 0 Addition Addition between Mid- Effective
ity of Fit Hidden less Cancel-| and at the best Quote Spread

R? Volume lation Bid and Ask Volatility
0-2 0.05 0.1807 | -2.9563 | -1.2840 0.2043 0.2155 0.0205™ | -0.0064"™
(0.0151) | (0.2336) | (0.1650) (0.0523) (0.0588) (0.0763) | (0.0783)
3 0.05 0.1233 | -0.9911 | -2.9905 0.4151 0.2096 0.1557 -0.1923
(0.0112) | (0.1329) | (0.1888) (0.0386) (0.0425) (0.0541) (0.0553)
4 0.07 0.1072 | -0.9270 | -0.3364 0.1302 0.1057 0.1059 -0.0477
(0.0077) | (0.0585) | (0.0427) (0.0113) (0.0116) (0.0172) (0.0150)
5 0.08 0.1746 | -0.5122 | -0.2447 0.0857 0.0464 0.0420 -0.0613
(0.0063) | (0.0316) | (0.0063) (0.0055) (0.0055) (0.0076) (0.0060)
6 0.08 0.2037 | -0.2909 | -0.0985 0.0696 0.0429 0.0424 -0.0323
(0.0043) | (0.0171) | (0.0120) (0.0029) (0.0030) (0.0019) (0.0030)
7 0.08 0.1387 | -0.2429 | -0.1146 0.0350 0.0326 0.0328 -0.0236
(0.0047) | (0.0144) | (0.0098) (0.0022) (0.0023) (0.0013) (0.0021)
8 0.08 0.1633 | -0.1931 | -0.0872 0.0235 0.0294 0.0179 -0.0172
(0.0039) | (0.0134) | (0.0091) (0.0015) (0.0016) (0.0022) (0.0013)
9-10 0.06 0.3164 | -0.0868 | -0.0145 0.0119 0.0128 0.0091 -0.0070
(0.0033) | (0.0097) | (0.0057) (0.0008) (0.0010) (0.0012) (0.0006)

Table 2 reports a subset of the variables useldeimiodel for predicting hidden sell limit order wgie. The num-
bers in parentheses are the standard errors fqrattzgneters. The coefficient values with the ssgrgstnsindicate
that these numbers are not significant at the 96f6idence level. For the variable MID-QUOTE, wesiga a 1 if
ARCA'’s mid-quote is greater than that of the conifgomid-quote, we assign a 0 if the mid-quote igadgand -1
otherwise. All variables are standardized by theiresponding historical 3 months means and atandeviations,

ie. x = X~ X where x isthe mean and (X) is the standard deviation ®f

(standard ) S (X)

14
The ideas and concepts addressed herein are subjéotpatents pending by an affiliate of ITG Solutiors

Network, Inc.



TABLE 3

Standardized
Liquidity |Goodness | Returnin Addition less Addition between | Imbalance
of Fit last 15- Cancellation | and at the best Bid| in Depth
R? seconds and Ask

0-2 0.18 -0.0425"™ -0.1120 0.2322 -0.0878™
(0.0373) (0.0460) (0.1126) (0.0673)
3 0.19 -0.0854 -0.0668 0.1050"™ -0.0923
(0.0430) (0.0258) (0.0707) (0.0404)
4 0.19 -0.3023 -0.0719 0.1584 -0.1864
(0.0449) (0.0194) (0.0476) (0.0306)

5 0.20 -0.2860 -0.1125 0.0274 -0.0172™
(0.0590) (0.0160) (0.0516) (0.0254)
6 0.20 -0.3757 -0.0894 0.1501 -0.0791
(0.0502) (0.0104) (0.0323) (0.0107)
7 0.20 -0.2443 -0.0931 0.1194 -0.0964
(0.0571) (0.0108) (0.0352) (0.0187)
8 0.23 -0.6894 -0.1184 0.2262 -0.0266
(0.0569) (0.00781) (0.0258) (0.0130)
9-10 0.19 -0.7267 -0.0963 0.1192 -0.0334
(0.0589) (0.00444) (0.0141) (0.0335)

Table 3 reports a subset of the variables usedeimiodel for predicting the location of sell lirnitder volume. The
numbers in parentheses are the standard errotisefgrarameters. The coefficient values with thmesscriptnsin-
dicate that these numbers are not significantea®8% confidence level. All variables are standaadiby their cor-

responding historical 3 months means and stantiewtions, i.e.x = X=X where x is the mean

(standard ) S (X)

and S (X) is the standard deviation &f The variable “Return in last 15-second” is thegiiweighted percentage
mid-quote return within the previous 15 secondemtio execution.

15
The ideas and concepts addressed herein are subjéotpatents pending by an affiliate of ITG Solutiors

Network, Inc.



TABLE 4

PRICE INSTANTANEOUS 2-MINUTES 5-MINUTES PROBABILITY
$35.00 3 7 13 0.046319
$35.01 2 4 8 0.027683
$35.02 5 12 23 0.080532
$35.03 6 15 29 0.105157
$35.05 43 109 207 0.740309

Given the existing trading conditions for Argon&rbup Inc at 10:40am, Table 4 presents the amduritden sell
limit order volume and its location for differentexution horizons. The estimated hidden volumexfgected to be
available for a market order being executed inatadusly, within 2, or 5 minutes. If there is l@ddvolume, col-
umn “PROBABILITY” shows the likelihood that hiddemlume is located at that price.
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FIGURE 1

Limit Order Book: Argonaut Group Inc. (AGII)
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Figure 1 shows a simple example of the limit ordeok for AGII at 10:40am which incorporates thedsd sell
limit order volume associated with executing a meathuy order. The solid lines represent the dssdoliquidity
while the dotted lines are associated with theepaied undisclosed liquidity.
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FIGURE 2

Placement of Limit Order
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Figure 2 maps placement probabilities against thel®/s median trade share volume whieiguidity Group 0
represents the least liquid stocks dglidity Group 10represents the most liquid stocks. We classifyjtlorder
placements into three categories: £l), which represents limit orders being placed atltést level, (2BETTER,
which represents limit orders being placed betwsest bid and ask, and (B3WAY which represents orders being
placed at prices worse than the best levels.
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FIGURE 3

Limit Order Placement
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Figure 3 maps placement probabilities against ithe bf the day. We classify limit order placememi® three
categories: (1AT, which represents limit orders being placed atltbst level, (2BETTER which represents limit
orders being placed between best bid and ask,3nd\WAY which represents orders being placed at pricesevors
than the best levels. Although the chart doedisiinguish among different liquidity group, thilepement pattern

is relatively consistent across different groups.
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FIGURE 4

Liquidity Group 8, June-July 2005
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Standard Spread

Figure 4 shows the probability that an undiscloseltilimit order is located within a particular feg of the bid-ask
spread. The bid-ask spread is subdivided into cidally sized groups where region 1 includes the &gs price and
region 6 includes the region prior to best bid @ric
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FIGURE 5

Reconstruction of Limit Order Book
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Figure 5 compares the average Virtual Price EN&TE, the difference between the perceived and hekegution
price) and average New Virtual Price Error (NVPEE tifference between the reconstructed limit begerceived
execution price and the actual execution price)albistocks that have been classified in LiquidBsoup 2. The
trading day is broken-up into seventy-eight 5-ménbins and we present the average Virtual PricerEmd average

New Virtual Price Error in each of these subgrou® as to capture the Virtual Price Error distiitn we also
graph the 5% and 95% confidence levels of the NVPE.
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FIGURE 6

Average Execution Price (1000 Shares of AGII)
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Figure 6 provides the average execution price &sgutwith trading 1000 shares of AGII using difiet execution
horizons at 10:40am. The average execution pfitkeounadjusted (static) limit order book is comgzhwith esti-
mates that include undisclosed limit order volunteewtrading instantaneously and with 1-, 2-, 3- afd 5-minute
horizon.
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