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Abstract
This paper investigates why traders hide their orders and how other traders respond to the detection of hidden 
depth. Using a logit model, we provide empirical findings suggesting that traders use hidden orders to manage 
both exposure risk and picking off risk. Using probit models, we show that the detection of hidden depth 
increases order aggressiveness. Our interpretation of this empirical evidence is threefold. First, hidden depth 
detection is possible and frequent. Second, when traders detect hidden volume at the best opposite quote, 
they strategically adjust their order submission to seize the opportunity for depth improvement. Third, traders’ 
response when hidden depth is discovered suggests either that they do not associate hidden orders with 
informed trading or that the risk of trading with an informed trader is widely offset by the opportunity for 
depth improvement.
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1 Introduction
While most trading systems throughout the world have moved towards greater transparency, the use of hidden 
quantity is today a widespread practice. Despite few differences from one trading venue to another, market 
participants can use hidden quantity when trading on Euronext, the Toronto Stock Exchange, the Australian 
Stock Exchange, the Frankfurt Stock Exchange or Inet. Similarly, Nasdaq market makers and NYSE specialists, 
as well as MTS1 market makers, have the ability to post additional depth in their quotes that is not visible to 
the marketplace. For a trading venue, the use of hidden quantity poses a sharp trade-off between liquidity and 
transparency. It encourages market participants to provide liquidity when they could be reluctant to disclose 
their trading interests. In return, the presence of hidden volume reduces the pre-trade transparency level of 
the market. In the literature, several empirical papers document findings that are consistent with this trade-
off. Anand and Weaver (2004) focus on the natural experiment of the Toronto Stock Exchange when market 
authorities first abolished and then reintroduced hidden orders. They show that quoted depth does not change 
following either decision, suggesting that the hidden portion of orders represents depth that would otherwise 
not be exposed. Tuttle (2005) reports that hidden liquidity accounts for 25% of the inside depth in 97 Nasdaq 
stocks and that this hidden depth appears to be additional depth provided to the market, rather than a shift 
away from displayed to non-displayed depth. 

Given the recent upswing in the use of hidden quantity, two relevant questions are why market participants 
use hidden volume and how the presence of hidden quantity affects traders’ behavior. In the present paper, we 
investigate these two important issues on Euronext, an order-driven market where liquidity is provided through 
a limit order book, in which unfilled limit orders are stored, waiting for possible execution. In such a trading 
structure, hidden orders are specific limit orders that allow market participants to disclose only a part of the 
total quantity they want to buy or sell. The total order size is recorded in the order book but only the disclosed 
quantity is publicly displayed on the market screens. 

Our first research question is about the decision of hiding. For traders, hiding part of one’s limit order is a second 
stage decision after choosing between market and limit orders. A large body of literature has documented the 
risks that face traders when placing limit orders. The first is the risk that the order may fail to be executed. 
Indeed, the execution of limit orders depends on both order-specific characteristics (limit price, size) and market 
conditions (state of the order book, volatility)2.Second, limit order traders risk being picked off. Buy (sell) limit 
orders are put (call) options for the market [Copeland and Galai (1983)]. Traders submitting limit orders can 
therefore bear adverse selection costs because their orders can become mispriced when new information arrives 
on the market. Foucault (1999) refers to the winner’s curse problem because buy (sell) limit orders are more 
likely to be filled when they overestimate (underestimate) the asset value. The third risk is directly related to 
the market transparency level. When trading systems display their order book in real time, limit order traders 
run the so-called exposure risk [Harris (1997)]. The rationale behind this is that the display of an order can give 
a signal to the market and this signal can help other market participants to infer the trader’s motive, the price 
impact of her trade or the free trading option underlying her order. In all these cases, limit order traders can be 
victims of front-running strategies3.

Hidden orders are supposed to add an important dimension to limit order traders’ strategies. For a given non-
execution risk level, the decision to hide one’s limit order should be affected by the picking off risk and/or the 
exposure risk. The extant literature, which is not extensive on this issue, provides some evidence. Harris (1996) 
and Aitken et al. (2001) find that liquidity suppliers use hidden quantity to reduce the option value of their 
orders. Tuttle (2005) and Pardo and Pascual (2005) suggest that liquidity providers prefer to submit undisclosed 
orders when the perceived risk of trading against informed traders is high. Since losses with informed traders 
increase with the order size, hidden limit orders may reduce the adverse selection costs4. Finally, Moinas (2004) 
suggests that some patient informed traders could be more willing to use hidden orders instead of large limit 
orders that could reveal their informational advantage5. Similarly, Anand and Weaver (2004) find evidence 

�

1 - MTS is the leading market in Europe for the electronic trading of fixed income securities.
2 - For more details on the determinants of the non-execution risk, see Biais et al. (1995), Parlour (1998), Foucault (1999), Lo et al. (2002) or Handa et al. (2003).
3 - Attempting to buy or sell securities ahead of an anticipated reaction to news or taking a position in order to benefit from an upcoming market-moving transaction are examples of 
front-running strategies.
4 - If informed traders only know the displayed quantity available at prices where they can trade with profit, they may submit orders for fewer shares than they would if they could have 
seen the total quantity.
5 - Her model is based on Kaniel and Liu (2006), who argue that informed traders prefer to submit limit orders when their information is long-lived or their valuation is close to the current 
market quotes.
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suggesting that informed traders use hidden limit orders to minimize price impact if the probability of non-
execution is small. 

To study the decision of placing hidden orders, we use a logit model to examine the trader’s choice between 
hidden and usual limit orders. Specifically, we analyze how the current state of the order book as well as some 
characteristics of the order itself affect the decision of hiding. While several models investigate the choice 
between limit and market orders [Harris and Hasbrouck (1996), Foucault (1999), Bae et al. (2003), Lo and Sapp 
(2005), Kaniel and Liu (2006)], to the best of our knowledge, no one has addressed the choice between hidden 
and usual limit orders. The main results of our model can be summarized as follows. Traders are more likely to 
hide part of their limit orders when the order size is large relative to the prevailing displayed depth, the price 
limit is competitive, the spread is narrow and when they submit orders on the weak side of the book. Besides, 
the probability of hiding is higher for client orders than for principal ones. Our interpretation of these empirical 
findings is that traders use hidden quantity to manage both exposure risk and picking off risk. Market members 
who are used to better managing both risks through active order book monitoring are less likely to hide their 
limit orders. Hidden orders appear therefore as a real strategic tool, especially for non-professional traders.

The other research question of the paper is how the presence of hidden depth at the best quote affects the 
submission of orders by other traders. As monitoring the limit order book can help traders to detect the presence 
of hidden orders, we can suspect that the discovery of hidden depth affects traders’ behavior over and above 
information directly observable from the limit order book, such as the bid-ask spread or the displayed depth. To 
address this issue, we estimate probit models by assuming that traders’ aggressiveness is a function of several 
common variables (spread and displayed depth measures) and a new variable related to the discovered presence 
of hidden orders. The latter is a dummy variable built upon our very rich dataset that includes information 
about hidden depth. We set this variable to 1 when limit order book changes may reveal the presence of some 
hidden quantity at the best quote.

To date, almost all the empirical papers that analyze traders’ behavior focus only on information directly 
observable in the limit order book [Biais et al. (1995), Griffiths et al. (2000), Bisi`ere and Kamionka (2000), 
Ranaldo (2004), Beber and Caglio (2005), Pascual and Veredas (2004)]. Although Pardo and Pascual (2005) do 
not focus on traders’ behavior, they are the only ones who document the impact of non directly observable 
information on the composition of the order flow. Using data from the Spanish stock exchange, they detect 
executed hidden orders by comparing the reported trade size with the associated change in the limit order 
book. The authors highlight a narrower spread and a more intensive buyer(seller)-initiated trading activity after 
a trade that discovers the presence of hidden volume on the ask (bid) side of the limit order book. Compared 
with Pardo and Pascual (2005), our paper relies on a very rich data set that includes information on both the 
submission of hidden orders and their presence in the limit order book. First, this allows us to analyze the 
determinants of hidden order submission, while Pardo and Pascual (2005) only focus on hidden order execution. 
Second, our order aggressiveness analysis allows us to control other variables that are commonly used to explain 
traders’ behavior.

In the present paper, we highlight that the detection of hidden depth at the best opposite quote significantly 
increases order aggressiveness. Our economic interpretation of this empirical evidence is threefold. First, hidden 
depth discovery is possible and frequent on Euronext. This empirical result confirms what practitioners often 
claim about their ability to detect the presence of hidden orders. Second, when traders detect hidden volume 
at the best opposite quote, they adjust their order submission. This means that they behave strategically and 
seize the opportunity for depth improvement. Adjusted order submission allows them to benefit from reduced 
implicit trading costs. Third, traders’ response when hidden depth is discovered suggests either that they do not 
associate hidden orders with informed trading or that the risk of trading with an informed trader is widely offset 
by the opportunity for depth improvement.

Summarizing all the findings reported in the paper, we can conclude that the use of hidden orders in a limit 
order book market is strongly related to the prevailing market conditions, and in turn, that the presence of 



hidden depth, which can be inferred by monitoring the limit order book, affects traders’ behavior. At a time 
when traders’ behavior is becoming more and more sophisticated, restricting the analysis of order placement to 
the impact of displayed market conditions could therefore result in misleading or incomplete conclusions.

The paper is organized as follows. Section 2 presents the institutional background of the study. Section 3 
describes the data and the sample of stocks and orders. Section 4 investigates how traders choose between 
hidden and usual limit orders regarding order characteristics and market conditions. Section 5 deals with the 
impact of hidden depth discovery on traders’ behavior. The final section concludes the paper.

2 Institutional Background
Euronext is currently one of the most important trading venues in Europe6 and relies on a homogeneous 
order-driven structure. Its platform is very transparent, since market participants have access to the whole 
order book and can immediately observe the last trades recorded by the system. However, two features reduce 
market transparency. First, orders and trades are anonymous since April 2001, which has reduced both pre-
trade transparency and post-trade transparency. Second, hidden orders make it possible to disclose only a part 
of the order size to the marketplace. Before December 2003, only Euronext members had access to the whole 
limit order book, except for hidden quantities and members’ identification codes (ID codes), while other traders 
could observe the best 5 limits of the order book. Today, the access to all the quotes in the order book has been 
extended to the entire marketplace.

The trading day for equities takes place in several stages. The market opens with a call auction following a pre-
opening phase. Then, the market switches over to continuous trading and closes with a call auction following 
a short pre-closing period. Both opening and closing prices are set by crossing the supply and demand curves 
and selecting the price that maximizes the trading volume. The continuous trading system enforces a price-time 
order priority rule to arrange trades. Incoming orders are partially or entirely filled if they hit the best quote on 
the opposite side of the order book. If no suitable counterpart exists, orders are recorded in the book according 
to their price and time priorities. Throughout the session, the trading system automatically feeds information 
into the electronic data dissemination network. The order book is continuously updated on traders’ screens when 
orders are submitted, modified or cancelled.

Traders can submit limit orders at any price on a pricing grid defined by a tick size. They can also submit 
market-to-limit orders that are executed at the best opposite quote. If the liquidity available at this best quote 
is insufficient to totally fill the order, the excess is converted into a limit order at that price. Market orders 
are orders that will be immediately executed in full at any price. Hidden orders, also called iceberg orders, 
are limit orders specifying a hidden quantity. They are accepted both in the pre-opening/closing periods and 
during the continuous trading session. These orders allow traders to show other market participants only a part 
of the total quantity they want to buy or sell. The total order size is recorded in the order book but only the 
disclosed quantity is displayed on the market screens. Hidden limit orders are then placed in the order book 
according to their price and time priorities. When a hidden order is filled for its disclosed quantity, this quantity 
is automatically renewed and the order is positioned behind other orders at the same limit price7. The gradual 
disclosure of hidden quantity makes the limit order book different from what could be expected after a given 
trade. So, traders monitoring the limit order book are expected to infer the presence of hidden depth. This does 
not mean that they are able to guess how many shares are undisclosed.

Dual-trading is allowed on Euronext. Hence, market members are brokers-dealers. They can submit orders either 
for their own account (principal orders) or for the account of their clients (client orders). Besides, for small 
and mid caps, market members may act as liquidity providers. As market specialists for their stocks, liquidity 
providers have a business agreement with Euronext whereby they undertake to quote two-way bid and ask 
prices in the limit order book, with a minimum volume and within a maximum spread.

�

6 - Euronext was created in September 2000 by the merger of the exchanges in Amsterdam, Brussels and Paris. It became the first fully integrated, cross-border European market for equities, 
bonds, derivatives and commodities. At present, Euronext includes the former exchanges of Amsterdam, Brussels, Lisbon, Porto, Paris and also the London International Financial Futures 
and options Exchange (LIFFE).
7 - Hidden orders thus lose their time priority after execution of the displayed quantity. Concerning size modifications, only an increase of the visible quantity results in a loss of time 
precedence.
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3 Data and Sample

3.1 Data description
We use two datasets from the Euronext public database for the 40 stocks belonging to the CAC40 index over the 
three-month period from October 1 to December 31, 2002. The public trade data include the identification code 
of the stock, the date and time of the trade (with a precision to the second), the trade price and the number of 
shares traded. The public order data contain the following information: the identification code of the stock, the 
date and time of order submission, the order direction (buy/sell), both total order size and disclosed quantity 
for hidden orders, the order type (limit order, market-to-limit order, market order), the limit price (if any), the 
date of order validity and the state of the order at a particular date (totally executed, modified, cancelled, etc.). 
Two codes referenced both by day and by market member are also mentioned in this public order data set. They 
allow for linking records describing different states of a single order that has been modified. 

In addition to publicly available data, Euronext provided us with additional information that is necessary to rebuild 
the limit order book8, that is, data about market members’ ID codes for both orders and trades9. For orders, we have 
information about the time when an order disappears from the system (cancellation or full execution for example) 
and the date of the order modification, if any. As for trades, we have the date when both buy and sell orders 
triggering a given trade have been submitted (or last modified) and the sequence number of both orders included 
in the order file. This additional information allows us to identify which orders initiated a particular trade.

Another important piece of information available for each order referred in the database indicates for which 
account the market member submitted the order. As explained before, a market member on Euronext can act 
as a broker when he submits orders on behalf of a client (client orders), as a dealer when he submits orders 
for his own account (principal orders) or as a liquidity provider when he submits orders within the context of 
his business agreement with Euronext. Liquidity provider agreements do not exist for the CAC40 stocks. In this 
paper, we consider that client orders and principal orders are two different order accounts. 

Based on both public and private data, we have developed a program allowing us to rebuild the limit order 
book second by second. Within this program10,the state of the order book is updated whenever a new order is 
submitted or a standing limit order is modified or cancelled. The output is accurate order book data including 
aggregate displayed and hidden quantities associated with each limit price. This new information set is very 
valuable because we not only know what Euronext members observe in real time on their computer screens 
at any given moment, but also the hidden quantities available at every quote on both bid and ask sides. 
Furthermore, ID codes allow us to know how many market members supply depth at a particular price as well 
as for which account they act. 

3.2 Sample presentation
The market value of the stocks included in sample is about e619,211 million and the daily average trading 
volume is above e3,000 million over the three-month period. The cross-sectional average daily return is about 
-0.1% over the same period. Table 1 gives additional information about activity and market capitalization 
for each CAC40 stock. Different statistics about the order book11 as well as traditional liquidity measures are 
reported in Table 2. To get meaningful cross-sectional liquidity measures, timeweighted depth is expressed in 
euro by multiplying the number of shares by the midquote. We can observe that all stocks have quite narrow 
spreads. Total depth at the best quotes represents slightly less than 20% of all aggregate volumes available at 
the best 5 quotes. On average, displayed depth at the best 5 quotes only accounts for less than 55% of the 
total depth available at these prices: more than 45% of depth at the best 5 quotes is hidden. These ratios are 
computed from all the order book states recorded during the continuous session, including those where no 
hidden depth is available at these quotes. It is worth noticing that the proportion of hidden depth rises to about 
80% when only the order book states including some hidden depth at these quotes are considered. Therefore, 
when available, hidden depth is much larger than the corresponding displayed depth.

8 - Given the organization of the different databases, rebuilding the order book was impossible with public data only. Several operations, such as order modifications, actually have to be related 
to the original order within the set of orders submitted by the same member.
9 - Actually, these ID codes are numerical in order to ensure market members’ anonymity but allow us to isolate the whole set of orders or trades associated with a given member from the other 
orders and trades in the sample.
10 - The program rebuilds the limit order book by replicating Euronext market algorithm. We implement all the priority rules for the matching of orders. A note describing the methodology applied 
to build the limit order book from Euronext order and trade files is available on request.
11 - Due to their specific trading process, pre-auction periods have been dropped from our analysis.



To characterize traders’ behavior, we shall rely on the notion of aggressiveness of orders. The latter can be viewed 
as a measure of the extent to which orders consume or supply liquidity. The order aggressiveness classification 
that we will use includes five categories depending on how the order arrival affects the prevailing visible 
liquidity. The first two categories contain orders consuming liquidity and are the most aggressive ones. They 
consume all the depth displayed at the best opposite quote (category 1) or part of it (category 2). Categories 3 
and 4 contain less aggressive orders, which increase liquidity by improving the best quote on the same side of 
the market (category 3) or by raising the depth available at the existing best quote (category 4). All other orders 
fall into the fifth category and increase the overall depth in the order book without affecting the best limit in 
terms of either price or quantity12. Cancellations and modifications are not classified.

Table 3 presents the results of our aggressiveness classification for the whole sample of orders, according to both 
their direction (buy/sell) and account (principal/client). For both client and principal orders, we can see that the 
most frequent events are orders of the fifth category, whatever the direction. Next, the proportion of orders 
that consume liquidity is respectively about 32.63% (36.87%) for client buy (sell) orders and 38.07% (39.95%) 
for principal buy (sell) orders. Although the fraction of these orders is only slightly higher for principal orders, 
the distribution of orders across the first two categories (aggressive orders) as well as the last three categories 
(passive orders) differs much more.

As for aggressive orders, market members submit more orders consuming all the visible depth at the best 
opposite quote than their clients do. This suggests a better monitoring by market members when they trade as 
principal. When they observe an attractive quote on the opposite side, they seize the opportunity and submit 
an order consuming the depth available at that quote. This behavior is also consistent with an active search for 
hidden volume, allowing them to benefit from depth improvement. In this case, market members need to place 
aggressive orders for a quantity equal to or larger than the disclosed depth available at the best opposite quote. 
Concerning passive orders, principal orders are more competitive than client orders. This reveals again a better 
market monitoring for market members who are actively involved in the mitigation of the risk of non-execution. 
Further examination of order aggressiveness through the continuous session reveals no intraday seasonality.

The first research objective is to characterize the trading strategies that involve hidden limit orders, as opposed 
to usual limit orders whose total size is disclosed. Intuitively, hidden orders should typically be less aggressive 
than usual limit orders: the exposure risk and/or the picking off risk really exist for standing limit orders that 
are not immediately filled in full. There is no reason for hiding part of a very aggressive limit order that will be 
immediately executed in full. However, although not very aggressive, hidden orders will also generally be quite 
competitive limit orders. Otherwise, their would be little scope for hiding part of the order size.

Table 4 provides the results of aggressiveness classification for the sample of limit orders only, regarding 
respectively their type (hidden/usual), direction (buy/sell) and account (principal/client). As expected, hidden 
orders are overall less aggressive than usual limit orders: about 23% of client usual limit orders consume liquidity 
on the bid side while it only amounts to 16% for the corresponding hidden orders. This difference is even more 
pronounced for principal orders, where about 39% of usual limit orders and only 17% of hidden orders are 
aggressive. Results are similar on the sell side. The findings that about 17% of hidden orders are aggressive may 
appear surprising. A further investigation reveals that on average only about 3% of them are immediately filled 
in full. Indeed, most of the aggressive hidden orders are executed only partially at the time of their submission. 
As their unfilled part becomes the best quote on their market side, these orders end up providing liquidity to 
the market. This strategy is close to the submission of orders within the spread or at the best quote. Descriptive 
statistics about order size and hidden part are also reported in Table 4. 

Whatever the order direction, we can see that the average order size is much larger for hidden orders. On 
average, client (principal) hidden orders are seven (five) times larger than corresponding usual limit orders. As 
for the hidden size relative to the total order size, traders tend to hide on average 75% of their orders.

�12 - The aggressiveness classification of orders resulting in immediate execution (categories 1 and 2) is based on the opposite quote as well as on the visible depth available at that quote. For 
other orders, the aggressiveness classification relies on the best quote on the same side as the order.
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4 Hidden Orders versus Usual Limit Orders
For traders, hiding part of one’s limit order is a second stage decision after choosing between limit and market 
orders. To investigate how traders choose between usual limit and hidden orders, we will focus on order 
characteristics and market conditions around submission. From hypotheses derived from the extant literature, 
we will assess through a logit model the influence of the prevailing order book and some order characteristics
on the decision to hide part of one’s limit order or not. This analysis will be performed on a stock by stock basis, 
for buy and sell orders separately.

Both the literature and the statistics reported in Section 3.2 reveal that only large traders cope with the decision 
to hide. Exposure risk and picking off risk are relevant mainly for large orders. Our analysis will therefore focus 
on large limit orders. To define the sample of large limit orders for a given stock, we first compute the median
size across all the hidden orders submitted for that stock. We then include in the sample all hidden orders and 
all usual limit orders with a size at least equal to this median size.

Although this selection enables us to focus on large limit orders, it does not solve the large imbalance between 
the number of hidden orders and the number of usual limit orders. Overall, hidden orders only account for 
about 5% of all limit orders. Even if this imbalance is less dramatic when only large limit orders are considered, 
it remains strong enough to cause estimation problems for our logit model. Consequently, a specific sample of 
orders for each stock is built to better estimate the logit model: it contains all the large hidden orders as well 
as an equal number of usual limit orders that are randomly selected among all the large usual limit orders. As 
explained later, our results are not sensitive to these sample selection criteria.

4.1 Hypotheses
Several papers in the extant literature provide evidence that hidden orders are used by traders to manage 
exposure risk [Harris (1996), Aitken et al. (2001), Anand and Weaver (2004)]. This risk exists when the display of 
an order can give a signal to the market about the trader’s motive, the price impact of her trade or the value 
of the option associated with her order. Order size plays an important role: the larger the order, the stronger 
the signal. However, for a given order size, the signal is stronger if the displayed depth is small at the order 
submission time. Our first assumption is that traders are more likely to hide part of their limit orders when the 
prevailing displayed depth is small relative to their order size.

The other motivation in the literature for using non-displayed quantity is the mit-igation of picking off risk 
[Pardo and Pascual (2005) and Tuttle (2005)]. Traders face a higher risk of being picked off when an adverse price 
movement is more likely to occur. According to Kavajecz and Odders-White (2004), it is likely that limit order 
books, which synthesize the order placement strategies of both informed and uninformed traders into supply 
and demand functions for the stock, contain information relevant for future prices. An asymmetric order book 
may reflect the presence of informed traders13 or the likely direction of future price changes14. In both cases, 
traders who place orders on the weak side of the limit order book will perceive a higher probability of being 
picked off. Consistent with this, Pardo and Pascual (2005) find that limit order traders hide more volume on the 
ask (bid) side when the order book is heavier on the bid (ask) side. Our second hypothesis is consequently that 
buyers (sellers) are more likely to hide part of their limit orders when the visible ask (bid) depth is larger than 
the visible bid (ask) depth.

Pardo and Pascual (2005) suggest that the risk of exposure is not uniform over the continuous session. They 
report that the effective contribution of hidden volume to trading activity increases towards the end of the 
session. Hidden order traders can benefit from clustered trading before the close: the presence of hidden 
quantities can be harder to infer when both order submission and trading are heavy. In line with this argument, 
we put forward the following hypothesis: traders are more likely to hide part of their limit orders when the 
market close approaches.

13 - Informed traders’ preference for limit orders evidenced by Bloomfield et al. (2005) and Kaniel and Liu (2006) should result in a market imbalance.
14 - Other papers evidence the positive relationship between market imbalance and future price movements but do not relate this to informed trading. Harris and Panchapagesan (2005) exa-
mine whether the limit order book is informative about future prices changes. They characterize information in the book through asymmetry between buys and sells and use the asymmetry in 
the option values provided by limit orders standing in the book. They found that a book heavy on the buy-side (ask-side) forecasts future price increases (decreases). Cao et al. (2004) examine 
whether order book information is associated with future returns. They find that imbalance between demand and supply from the best 10 quotes provides additional power in explaining future 
short-term returns.



Anand and Weaver (2004) report that hidden quantity can be used to reduce price impact if the probability of 
non-execution is small. Pardo and Pascual (2005) show that execution of hidden volume increases in periods 
of intense trading activity. On order-driven trading venues, trades are triggered by marketable15 orders which 
hit the opposite side of the order book. Periods of heavy trading are thus periods where aggressive orders are 
clustered. To minimize the non-execution risk, hidden order traders can wait for a higher trading aggressiveness 
on the opposite side of the market. By placing hidden orders when the counterpart appears more willing to 
trade, traders could reduce implicit trading costs and find faster trading executions. This allows us to propose a 
fourth hypothesis: buyers (sellers) are more likely to hide part of their limit orders when sellers (buyers) submit 
aggressive orders.

Limit orders are sitting ducks that tend to be adversely hit when information reaches the market. Hidden orders 
should help traders to cope with the picking off risk because they are less likely to be hit by opportunistic traders 
than usual limit orders. By monitoring the market actively, market members reduce their risk of being picked off 
[Foucault et al. (2003)] and should have less incentive to hide. Furthermore, the risk of being front-run varies 
with trader types. According to Anand and Weaver (2004), traders who monitor the market more actively are less 
likely to be front-run. Once again, market members should have less incentive to hide. Finally, as argued by Esser 
and Monch (2005), hidden orders facilitate the splitting of large orders by executing this strategy automatically. 
When a trader monitors the market, his needs for hidden orders are weaker. Consequently, our fifth hypothesis 
is that market members are less likely to hide part of their limit orders than clients.

As explained before, there is no rationale for hiding part of a very aggressive limit order that will be immediately 
executed in full. Marketable orders are thus less likely to be hidden. However, as already explained, hidden orders 
are bound to be competitive limit orders: only orders submitted within the best 5 quotes are really prone to 
exposure. Pardo and Pascual (2005) report that 93% of hidden orders in their sample were placed inside the best 
quotes. Anand and Weaver (2004) also report that hidden orders are frequently submitted either at the quote 
or within the spread. This leads to our sixth hypothesis, that traders are more likely to hide part of their limit 
orders when they submit non marketable but competitive orders.

Finally, one could wonder whether the bid-ask spread plays any role in the choice between hidden orders and 
usual limit orders. If the bid-ask spread can be viewed as a proxy for adverse selection costs16, the inclination to 
hide part of one’s limit order should be positively related to the spread size. Furthermore, a large spread makes 
front-running strategies more profitable. We can then expect that traders will hide more volume when the 
spread is large because the probability of being front-run increases. Consequently, our final hypothesis is that 
traders are more likely to hide part of their limit orders when the contemporaneous spread is large.

4.2 Model Specification
To test the above hypotheses, we analyze the probability of placing hidden orders using a logit model. The 
dependent variable, Yt, is the choice indicator, which equals one if the order submitted at time t contains a 
hidden part and zero otherwise. The probability of placing a hidden order conditioned on a set of regressors, X, 
is Prob[Y =1⎪X] = ∧(x'b), where ∧(.) is the logistic cumulative distribution function. The set of regressors includes 
six variables describing the prevailing market conditions at time t, two variables related to order characteristics 
and an intercept.

Spreadt denotes the prevailing bid-ask spread at time t, expressed in number of ticks17.   OrderSize / Deptht
s  or 

  OrderSize / Deptht
0 refers to the total order size divided by the aggregate number of shares displayed at time 

t at the best 5 limits on the same market side (S) as the incoming order or on the opposite side (O). MIt refers 
to the visible market imbalance at the best 5 quotes at time t, which is defined as the visible bid size divided 
by the sum of visible bid and ask sizes. TimeCloset represents at time t the pending time (expressed in hours) to 
the next market close. OppAggrt is a variable related to the aggressiveness level of the last 5 orders submitted 
on the opposite market side. For buy (sell) orders, it refers to the last 5 sell (buy) orders submitted before the 

�

15 - Marketable orders result in immediate execution. The unexecuted part, if any, is generally converted into a limit order. Any order that does not generate an immediate trade when it 
enters the market is defined as non marketable. Non marketable orders are stored in the limit order book until they are hit by marketable orders. On Euronext, only limit orders that do not 
hit the best opposite quote are non marketable. The other limit orders, market orders and market-to-limit orders are classified as marketable.
16 - Lots of studies use the spread as a proxy for adverse selection costs. An example is Grammig et al. (2001), who show that the probability of informed trading is positively related to 
the bid-ask spread for 30 German stocks.
17 - Using the relative bid-ask spread leads to similar results.
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incoming order. The value of this variable is actually the sum of aggressiveness indexes of the last 5 orders of 
opposite direction. According to the classification described in Section 3.2, the most aggressive orders get an 
index of 1 while the least aggressive orders get an index of 5.

To assess whether a given limit order is competitive or not, we follow the methodology applied by Harris 
(1996) and Al-Suhaibani and Kryzanowski (2000). We measure relative price aggressiveness, PriceAggrt, by 
1—2(A—P)/(A—B) for buy orders and —(1—2(A—P)/(A—B)) for sell orders. A (B) denotes the contemporaneous 
best ask (bid) and P is the order price. This measure assigns a positive (negative) value to buy orders specifying 
a price higher (lower) than the mid-quote and a positive (negative) value to sell orders specifying a price lower 
(higher) than the mid-quote. Finally, we construct a dummy variable, Principalt, equal to one when the order is 
submitted by a market member for his own account, and zero otherwise.

For each market side, the logit model is estimated stock by stock for the sample of large limit orders described 
at the beginning of Section 4. In Section 3.2, we show that usual limit orders include more aggressive orders 
than hidden orders. To check whether this phenomenon biases the results, we also estimate the logit model by 
using another sample of large limit orders whose selection process is the same, except that the sample of limit 
orders is restricted to non marketable orders. This second estimation is thus achieved on a sample of large non 
marketable orders only.

4.3 Results
Since logistic regressions estimate the probability of success (the event occurs) over the probability of failure (the 
event does not occur), the results of the analysis are reported in odds ratios18. Table 5 presents the results for 
buy and sell orders. In Panel A, the model is estimated for samples of orders containing both marketable and non 
marketable orders. In Panel B, the model is estimated for samples of orders restricted to non marketable orders 
only. For each panel, the table exhibits the crosssectional median of the estimated coefficients as well as the 
number of stocks presenting significant negative and positive coefficients at the 5% level. The cross-sectional 
median of the relevant odds ratios and the corresponding 95% confidence intervals are also reported.

From Panel A, we observe that the signs of the estimated coefficients are mostly in line with our hypotheses. 
First, the impact of the displayed depth and the influence of order account are consistent with our expectations 
for a very large proportion of stocks. OrderSize/DepthS and OrderSize/DepthO are clearly positively related to the 
decision of hiding. The corresponding median odds ratios are both significantly larger than one. For example, 
the cross-sectional median odds ratio for OrderSize/DepthS equals 1.161 for buy orders: when OrderSize/DepthS 
is one unit higher, the probability of hiding increases by about 16%, all other things being equal. As for the 
Principal dummy variable, we find the expected negative impact, suggesting that clients are more likely to hide 
their limit orders than market members. This confirms that hidden orders are used to reduce the risk of being 
picked off or front-run. Second, findings related to the visible market imbalance and the aggressiveness on the 
opposite market side are also consistent with our hypotheses for about half the stocks in our sample. About 20 
(16) stocks exhibit a significant negative (positive) influence of the market imbalance (MI) on the probability of 
hiding for buyers (sellers). Concerning the OppAggr variable, we find for 20 stocks that buyers choose to hide 
their limit orders when sellers are aggressive. On the sell side, the result is significant for 19 stocks.

As for the relative price aggressiveness (PriceAggr), our results reveal that traders tend to hide their orders when 
they submit less aggressive orders. This finding is consistent with our sixth hypothesis and reveals that, when 
considering both marketable and non marketable orders together, hidden orders are mainly non marketable 
orders. In order to fully confirm the sixth hypothesis, we need to observe the opposite relationship in Panel B,
where the sample is restricted to non marketable orders only. Indeed, among these non marketable orders, 
competitive orders will be the most aggressive ones.

Results about the TimeClose variable in Panel A reject our third hypothesis. 23 stocks exhibit on both market 
sides significant odds ratios larger than one. This suggests that traders do not trade more with hidden quantity 

18 - Odds ratios are common statistics used to assess the risk of a particular outcome if a certain factor is present. In a logit model, the odds ratio for a given explanatory variable is the 
exponential of its estimated coefficient. When the independent variable is continuous, the odds ratio measures how the probability of success changes if the variable increases by one unit (from 
x to x+1). For a binary variable, the odds ratio assesses how the probability that the event will occur changes when the variable goes from zero to one. If the odds are greater (lower) than one, 
then the event is more (less) likely to happen.



towards the end of the continuous session. If anything, the probability of hidden order submission appears 
larger towards the beginning of the session.

Finally, we find a positive impact of the spread on the probability of placing a hidden order for most of the 
stocks. Traders tend to hide their orders when the spread is large. However, this result could be related to the 
sample composition. Marketable orders are more likely when the spread is narrow while non marketable orders 
are more likely when the spread is large. The findings might be biased because most hidden orders are non 
marketable. If this result is linked to the sample selection, it should differ in Panel B based on the restricted 
sample.

In Panel B, most results remain unchanged compared with those of Panel A. Only three variables exhibit a 
different impact on the probability of hiding. First, as expected, the PriceAggr variable has now a positive 
impact on the decision of trading with hidden volume. Its coefficient is significant at the 5% level for 32 (33) 
stocks on the bid (sell) side. This is in line with the hypothesis that traders tend to hide when they submit non 
marketable but competitive orders. Next, the spread is now negatively related to the probability of choosing 
hidden orders. This negative relationship is reported for 23 (24) stocks on the bid (ask) side. This finding confirms 
that the coefficients reported in Panel A were biased due to the sample composition. Finally, the impact of the 
aggressiveness on the opposite market side is now more ambiguous. For buy (sell) orders, 7 (9) stocks present 
a negative coefficient and an odds ratio lower than one while 10 (7) stocks exhibit the opposite results. Based 
on this evidence, it is not easy to identify the real impact that the aggressiveness on the opposite market side 
has on the decision to hide.

In order to check the sensitivity of our results to the sample selection criteria, we estimate the logit model using 
all the large usual limit orders instead of a random sample of equal size to that of the hidden orders. All the 
results survive and lead to the same conclusions.

5 Discovery of hidden orders and traders’ behavior
It seems quite natural to assume that traders base their order placement upon information observable in the 
limit order book [Biais et al. (1995), Griffiths et al. (2000), Ranaldo (2004) and Pascual and Veredas (2004)]. In 
addition, monitoring the limit order book may help practitioners to detect the presence of hidden orders, so 
that order submission can be affected by the presence of hidden depth. This issue appears even more relevant 
as the presence of hidden orders at the best quote often implies quite a large additional depth. When present, 
average hidden depth is 4 or 5 times greater than average displayed depth.

The presence of hidden depth at the best quotes is directly observable from our order book data. However, 
market participants have no access to such data and can only infer the presence of hidden depth by monitoring 
order book changes. Actually, hidden depth associated with the best quote can only be detected by market 
participants when the change in depth following a marketable order is different from what would have been 
expected given the order size and the displayed depth. This occurs when the disclosed part of a hidden order is 
fully executed. In this context, we build two dummy variables (Presence and Discovery) for each order book side. 
The Presence dummy equals 1 when some hidden depth is present at the best quote. This piece of information 
is given in our order book data. The Discovery dummy variable is equal to 1 when market participants can infer 
the presence of some hidden depth at the best quote. This is the case when the disclosed part of a hidden order 
present at the best quote has already been renewed. For the 40 stocks in our sample, Table 6 shows the relative 
frequencies for the combinations of both dummies for each order book side. On average, market participants 
are right in 88% of the cases when guessing about the presence of hidden orders at the best quote. They are 
wrong in about 10% of the cases because the displayed part of a hidden order at the best quote has not been 
fully executed yet. In less than 2% of the cases, they make the opposite mistake, that is, they guess that there 
is still some hidden depth when the hidden part of an order has already disappeared.
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Table 7 reports statistics about the proportion of times when hidden depth is present or discovered at the best 
quotes. The presence of hidden depth at the best quote occurs with the same frequency on both market sides. 
Hidden depth on each side of the market is present for about 28% of the continuous session. When hidden depth 
is available at the best bid or ask, it remains so for about 9 successive order book states on average. This duration 
corresponds to nearly 1 minute in clock time. When discovered at the best bid or ask, hidden depth exhibits the 
same durations (9 successive order book states or 1 minute). The key result in Table 7 is that durations are sufficiently 
high to allow traders who have detected hidden depth to adjust their order placement accordingly. In this context, 
analyzing whether the discovery of hidden orders affects traders’ behavior is undoubtedly a relevant issue.

5.1 Methodology
In order to analyze the effect of the detection of hidden orders, we estimate an ordered probit model. We 
assume that traders’ aggressiveness is a function of several elements, such as spread, displayed depth measures, 
and the discovered presence of hidden orders. Traders’ aggressiveness (At) at time t is assumed to be explained 
as follows:

                    

A t = β1 ∗Spreadt + β2 ∗Depth1,t
S + β3 ∗Depth1,t

0 + β4 ∗Depth+ ,t
S + β5 ∗Depth+ ,t

0

+β6 ∗Dis coveryt
s + β7 ∗Dis coveryt

0+ ∈t = X + ∈t ,∈t N(0,σt
2)

Most of these explanatory variables are easily observed in the limit order book prevailing at time t. Spreadt 

denotes the prevailing absolute bid-ask spread when the order is submitted at time t.   Depth1/ + ,t
S / 0 is the number 

of shares displayed at the first limit (1) or at the four next ones (+) on the same side (S) as the incoming order 
or on the opposite side (O) at time t.   Dis coveryt

S / 0 are dummy variables which are equal to 1 if, at time t, 
market participants are able to guess that there is some hidden depth at the best quote (same side or opposite 
side). Bt represents the independent but not identically distributed residual. In order to avoid correlations across 
displayed depth measures, we replace 

 Depth+ ,t
S/ O  by the residuals of an OLS regression of 

 Depth+ ,t
S/ O on Depth1,t

S/ O .

As traders’ aggressiveness is not directly observable, we can consider Equation [1] as a latent one. However, 
the order submitted by a trader at time t can inform us about the trader’s aggressiveness. Applying the order 
classification described previously, we get an observable discrete variable Catt linked to the latent variable At. 
The relationship between the latent variable and the ordered response is expressed as follows :

                                   Catt =     

  

1 ifAt ≤ γ 1

m if γ m −1 < At ≤ γ m ,m = 2, 3 or 4

5 ifAt > γ 4

Equations [1] and [2] form an ordered probit model of which parameters  βk and  γ j can be estimated. Actually, 
the  γ j ’s are thresholds that determine what value of Catt a given value of At will map into. The existing 
literature provides some priors for the signs of the parameters associated with displayed market conditions. 
First, order aggressiveness should be negatively correlated with spread since it is more difficult to execute 
orders when the spread is large. Next, observable depth on the same side (i.e. bid for buy orders and ask for sell 
orders) should encourage traders to be more aggressive in their order placement. Indeed, a new non marketable 
order has a lower time priority than other orders already into the system. So, one needs to improve the order’s 
limit price to gain priority. The literature refers to this behavior as the competition effect. Conversely, order 
aggressiveness should be negatively correlated with depth observable on the opposite side because traders are 
more confident about order execution. Many orders available at the opposite quotes are likely to match their 
own order. In the literature, this is known as the strategic effect.

Expectations about parameters associated with the Discovery dummies can be built upon both economic 
intuition and the extant literature. Except if hidden orders are associated with informed trading, traders are 
expected to be more aggressive when there is hidden depth at the best opposite quote because they can benefit 
from depth improvement. Indeed, this additional non-displayed depth gives them the opportunity to trade a 
larger amount at the best quote.

{

(1)

(2)

~



As for the discovery of hidden depth on the same market side, two conflicting hypotheses can be put forward. 
The first one stems from the assumption previously made for the opposite side. If the discovery of hidden orders 
reinforces order aggressiveness on the opposite side, traders on the same side as the discovered hidden depth 
can benefit from this and wait for their passive orders to be executed more quickly. This results in a strategic 
behavior involving less aggressive orders: traders will place non marketable orders instead of marketable 
orders. The second hypothesis builds upon the existing literature and is consistent with the competition effect. 
According to this, the presence of hidden depth at the best bid (ask) should encourage buyers (sellers) to submit 
more aggressive orders to gain priority over this hidden depth. 

Since the information set used by buyers and sellers could be different, the model is estimated separately for 
buy and sell orders. Moreover, market members may be affected differently by market conditions whether they 
act for a client or for their own account. Therefore, we repeat the analysis described above while discriminating 
for these two different order accounts.

5.2 Results
A summary of the results for the whole sample is given in Table 819. Parameter estimates often exhibit the 
expected sign at the 1% significance level. For example, our results confirm those of Griffiths et al. (2000) and 
Ranaldo (2004) showing that aggressive orders are more frequent when bid-ask spreads are narrow and when 
displayed depth at the best quote on the same (opposite) side of the limit order book is large (small). When 
splitting orders according to their account (client or principal), our findings for Spread and    Depth1

S / 0 are 
consistent with those obtained for the whole sample. Our results about disclosed depth at the next quotes20 

are consistent with Pascual and Veredas (2004), who show that next quotes affect traders’ behavior, even if this 
effect is less significant. Furthermore, it is worth noticing that our estimates for  Depth+

S  and   Depth+

0  are 
more often significant for principal orders. This phenomenon could be explained by larger size and/or better 
market monitoring.

The most innovative finding is the positive and very significant estimate for the discovery of hidden orders at 
the best opposite quote. Consistent with our assumption, when hidden orders are discovered at the best opposite 
quote, traders tend to be significantly more aggressive. They behave strategically and seize the opportunity for 
depth improvement. These results remain valid whatever the order account21. 

As for the discovery of hidden depth at the best quote on the same side, the results are less significant and 
give some validation to both conflicting assumptions. The competition effect appears to be stronger for client 
orders while the strategic effect is mainly present for principal orders. When focusing on principal orders, buyers 
(sellers) seem to be aware that sellers (buyers) will be more aggressive when some hidden depth is discovered at 
the best bid (ask). Consequently, traders are more confident about the execution of their own non marketable 
orders and are less aggressive. For more than 30 stocks, the discovered hidden depth at the best bid (ask) results 
in less aggressive buy (sell) orders. However, the other assumption based on the competition effect seems 
to better suit client orders. When significant, the parameter estimate is often positive, indicating that the 
discovered hidden depth at the best bid (ask) makes client buy (sell) orders more aggressive.

When we test for the joint significance of the dummies, we obtain a Likelihood Ratio which is always significant 
at the 1% level, indicating that a regression omitting the discovery of hidden depth would be misspecified. We 
do not include the Discovery dummy variables together with the Presence dummies because they are highly 
correlated. This correlation makes it very difficult to interpret the results since the effects of the hidden depth 
presence are spread over two variables. However, we perform a robustness check of the results by replacing 
both Discovery dummy variables in Equation [1] by the Presence dummies indicating the actual presence of 
hidden orders at the best quote. Since Discovery and Presence variables often present the same values, the same 
relationships are expected but the explanation power should be somewhat weaker. Indeed, traders’ behavior 
may not be affected by the presence of hidden orders at the best quote because they may not be discovered. 
As these models are non nested, we compute the Akaike Information Criterion (AIC) for both models in order 

13

19 - We conduct the same analysis for each of the three months of our sample period. The crosssectional average daily return is 0.23% for October, 0.11% for November and -0.75% for 
December.The results obtained for each month are totally consistent with those presented here for the whole sample.
20 - The computation of this depth uses the number of shares displayed from the second to the fifth quotes. However, we specify that these depth measures have been replaced by OLS 
residuals. 21A further examination of trades involving hidden orders reveals that market members are not used to submitting aggressive orders to hit hidden orders they have placed.
21 - A further examination of trades involving hidden orders reveals that market members are not used to submitting aggressive orders to hit hidden orders they have placed.
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to compare their relevance. We obtain a higher value for the AIC when using Presence rather than Discovery 
dummies, indicating a better explanatory power with the latter dummies22. Therefore, all our results show that 
traders discover the presence of hidden orders at the best quotes and that this discovery significantly affects 
their order placement strategy.

6 Conclusion
Using a logit model to investigate the decision to hide, we show that traders are more likely to hide part of their 
limit orders when the order size is large relative to the prevailing displayed depth, the price limit is competitive 
and the spread is narrow. To the extent that it is measured by the visible market imbalance, a higher perceived
risk of being picked off also seems to increase the use of hidden orders. Besides, the probability of hiding is 
higher for client orders than for principal ones. As for the relationship between the decision of hiding and the 
order aggressiveness on the opposite market side, results are ambiguous. We do not find any support for the 
hypothesis suggesting that hidden order traders wait for a higher aggressiveness on the opposite market side 
to minimize their non-execution risk. All these empirical findings suggest that traders use hidden quantity to 
manage both exposure risk and picking off risk. Market members who are used to better managing both risks 
through active order book monitoring are less likely to hide their limit orders. Hidden orders appear therefore 
as a real strategic tool, especially for non-professional traders.

Using ordered probit models, we highlight that the discovery of hidden orders at the best opposite quote 
significantly increases order aggressiveness. The economic interpretation of this result is threefold. First, hidden 
depth discovery is possible and frequent on Euronext. This empirical result is consistent with practitioners who
argue that they can detect the presence of hidden orders. Second, when traders detect hidden volume at the 
best opposite quote, they adjust their order submission. They behave strategically and seize the opportunity for 
depth improvement. This allows them to benefit from reduced implicit trading costs. Third, traders’ response 
when hidden depth is discovered suggests either that they do not associate hidden orders with informed trading 
or that the risk of trading with an informed trader is widely offset by the opportunity for depth improvement.

When some hidden depth is discovered on the same market side, our empirical findings are more ambiguous. 
Traders also adjust their order submission but adjustments seems to depend on the order account. Consistent with 
the competition effect, client orders become more aggressive to gain priority over hidden volume. Conversely, 
when some hidden depth is discovered, principal orders on the same market side tend to be less aggressive. This 
could suggest that market members are more aware of the interactions between market conditions and traders’ 
behavior. Consistent with the strategic effect, they adjust their behavior to reduce their implicit trading costs.

Summarizing all the findings, we can conclude that the use of hidden quantity in a limit order book market 
is strongly related to the prevailing market conditions, and in turn, that the presence of hidden depth, which 
can be detected by monitoring order book changes, affects traders’ behavior. Consequently, order submission 
strategies appear to be more and more sophisticated, and focusing only on displayed market conditions to 
analyze traders’ behavior could result in misleading or incomplete conclusions.

22 - Except for 4 or 5 stocks when focusing on client orders.
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