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Abstract

The objective of this paper is to estimate a dynamic market depth measure, called VNET,
for Brazilian stocks using transactions data. VNET gauges the difference between the
numbers of buyer- and seller-initiated trades within the time it takes for the stock price
to change by at least a certain amount. It is a realized measure of liquidity for a given
price deterioration, which one may track throughout the trading day to capture liquidity’s
short-term dynamics. More specifically, we model the price duration using an autoregres-
sive conditional duration (ACD) model. The predetermined nature of the ACD process
is convenient because it makes it possible to forecast future changes in the liquidity of a
stock. By identifying the best moment to buy or sell, the VNET is an excellent start-
ing point for any optimal execution strategy. Our empirical findings indicate that the
VNET measure of market depth depends on the bid-ask spread, volume traded, number
of trades, and both expected and unexpected price durations. Finally, we also estimate
the price impact of a trade by varying the increment in the definition of price duration.
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1. Introduction

In the last few years, there has been a substantial increase not only in trad-
ing, but also in price volatility in the Brazilian capital markets. This rise in
the number of trades and volume is a consequence of the recent dynamic of the
Brazilian economy and of the modernization of the technological infrastructure
of BM&FBovespa. This creates investment opportunities in the country, more
specifically in the stock market, attracting more sophisticated investors, who use
quantitative and high-frequency models to operate.

At first glance, one could well think that the ability of the market to process
an ever increasing number of trades would imply an increase in liquidity. However,
by observing the great fluctuations in prices that occur on high volume days, we
notice that the trade absorption capacity has also brought a relative increase in
the price impact. Despite this link, it is difficult to appreciate the resulting impact
in the trading cost. Clearly, neither volume nor volatility are direct measures of
liquidity, even though they are both intimately connect to it, inasmuch as the
bid-ask spread.

There are several definitions of liquidity. The most popular states that liquidity
measures how fast and easily one can purchase or sell an asset at a certain price.
Alternatively, one can view liquidity as the expected deterioration in price if we
wish to buy or sell an asset within a given time horizon. Unfortunately, it is impos-
sible to measure liquidity directly for there is no proxy that reflects every aspect
of liquidity. For example, the bid-ask spread measures only price deterioration for
small trades given that it assumes that the trade has no price impact.

In this paper, we estimate a specific market depth proxy, VNET, which mea-
sures the difference between the numbers of buys and sells within a price dura-
tion (i.e., time needed for the price to move beyond a given increment). Engle
and Lange (2001) argue that VNET works as a quantitative measure of liquidity,
representing the depth of the order book corresponding to stock-specific price de-
terioration. In other words, it is a measure of the price impact of a trade, just
as Amihud’s (2002) liquidity measure. The advantage of the VNET is that it is
based on a high frequency predictive model, and therefore, capable of forecasting
real time price curve movements.

Trading costs have some fixed components such as brokerage fees, stock ex-
change fees and infrastructure costs as a whole. But it also has random compo-
nents driven by the price dynamic. According to the optimal execution model
proposed by Almgren and Chriss (2000), trading costs depend on both exogenous
(e.g., volatility) and endogenous (e.g., price impact) factors. If all other factors
are constant, the greater the urgency of trade, the greater the market impact,
whereas the greater the execution time, the greater the susceptibility to volatility.
Only after execution, one may compute the realized implementation deficit due to
the effects of volatility and the market impact in the initial price. Before the ex-
ecution, this deficit is a random variable, with bothmean and variance depending
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directly on the execution time interval. This means one can build an efficient fron-
tier to minimize the deficit for a given level of variance and minimize the variance
for a given level of deficit. Because the price impact depends on market depth,
any execution strategy that seeks to minimize it, must take into consideration the
depth dynamic.

VNET gauges the difference in the numbers of buys and sells within a price
duration. It is therefore a measure of realized liquidity for a specific price dete-
rioration that one may compute throughout a given day to capture the liquidity
short-term dynamic. We use the autoregressive conditional duration (ACD) model
proposed by Engle and Russell (1998) to forecast the time necessary for a stock
price to move beyond a predetermined barrier (i.e. price duration). This allows
us to measure the level of urgency in the execution of certain volumes. When im-
balanced volume is traded in a period of time that is much greater than expected
by the ACD model, the depth is greatly reduced, generating an estimated value
of impatience, which can be understood as the presence of informed agents.

This paper, motivated by the market microstructure literature, seeks to pro-
vide a market depth forecasting model for 14 Brazilian stocks. The results show
that market depth varies with market conditions. For example, when volume in-
creases, the imbalance necessary to move prices also increases, however less than
proportionally. Similarly, market depth reduces as the bid-ask spread increases.
The expected price duration, which is inversely proportional to volatility, has a
positive impact on VNET. This confirms that, the greater the flow of information,
the lower the depth. On the other hand, unpredicted shocks in the price duration
increase market depth, because it indicates to some extent a lower probability of
informed trading.

This paper contributes to the recent literature on Brazilian financial market
microstructures and, in particular, on liquidity aspects of the BM&FBovespa.
Machado and Medeiros (2011) examine the liquidity premium in the Brazilian
equity market. See also Mussa (2012) and references therein. Victor et al. (2013)
investigate the existence of a common factor that governs the liquidity of every
stock in the BM&FBovespa. Perlin (2013) conducts a very interesting analysis of
the entry of liquidity agents in the BM&FBovespa. Our market depth analysis is
therefore complementary to the existing literature on the Brazilian stock market
liquidity.

The remainder of this paper is as follows. Section 2 describes the structure
of the Brazilian stock market. Section 3 discusses some market microstructure
aspects of equity markets. Section 4 describes the BM&FBovespa data. Section
5 introduces the models and their estimation results. Section 6 builds a market
reaction curve for one of the stocks. Section 7 summarizes our contribution and
offers some final considerations.
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2. The Brazilian Stock Market

In Brazil, there is only one stock exchange, namely the BM&FBovespa. Once
listed, stocks are available in the secondary market, with an electronic trading
environment kept by the BM&FBovespa. The structure of the electronic trad-
ing is based on a limited order book that registers all buys and sells, creating a
transparent mechanism for price formation.

The trading day begins with a pre-opening trading (i.e., opening call) 15 min-
utes before the official opening. In this period, buy and sell offers are recorded so
as to benchmark the opening price After the opening call, trading is continuous
from 10 am to 5pm (or 11am to 6pm during daylight-saving time). For stock
exchange index constituents (see www.bmfbovespa.com.br for details on index
portfolio composition), there is also a closing call between 4.55pm and 5pm (or
5.55pm and 6pm during daylight-saving time).

The after-market period is from 5.45pm to 7.00pm (or 6.30pm to 7.30pm during
daylight-saving time), with a pre-opening trading of 15 minutes. During this time,
one may trade only Ibovespa and IBrX100 constituents thathave been traded on
that day. Additionally, there is a maximum limit of 2% (positive or negative)
variation in the price of the regular trading closing prices. All stocks are traded
in standard lots, of 1, 100, 1000 or 100,000 stocks, with price per share or per lot
of one thousand stocks. The most common combination is the standard lot of 100
stocks with price per share. All 14 stocks in our sample follow this combination.

For amounts smaller than the standard lots, there is a fractional market at the
BM&FBovespa. However, liquidity is very low and hence we do not contemplate
it in this study. Nevertheless, it is worth pointing out that the interaction between
full lots and fractional amounts in the same market can have a positive impact
on liquidity, since it opens space for trading between different sizes of investors.
Additionally, it allows the use of algorithms based in predetermined execution
plans to place more precise orders.

The electronic trading environment is governed by a prioritization algorithm
based on price and time. As a general principle, if there are orders with better
prices, or at the same prices, but registered before, both for buying and selling,
the execution of orders at worse prices, or orders that were registered later before
the order with the highest priority is executed, will not be allowed. If an order
has its quantity increased or its price altered, it loses chronological priority in the
order book.

The only exception is direct trading, that is, when the same brokerage firm
proposes to buy and sell the same asset to two different clients. The trading
registered as direct must always have their prices specified, which must necessarily
be among the best buy order and the best sell order. This type of order has priority
in the price/time algorithm, even if price is the same as the best order registered in
the exchange. Once the direct trading is accepted, the BM&FBovespa announces
the transaction, but can only conclude the trading after a predetermined period
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of time. If, during this time, there is an interference of another brokerage firm
that offers to buy for a higher price or sell for a lower price, the brokerage that
initiated the direct trading can propose a new price. This process takes as many
interactions as necessary to conclude the deal at the best price.

The BM&FBovespa electronic trading allows limit, market, at-the-opening-
price, stop and direct orders. A limit order is sent with a price limit for execution,
that is, the order can only be executed at that price or better. A market order is
fulfilled entirely or partially, depending on the available quantity, for the best price
on the other end of the order book. If it cannot be entirely fulfilled the remaining
part is sent to the same side of the book at the closing price for the last trading.
At-the-opening-price order are executed at the opening price of either opening or
closing calls. Stop orders entertain a trigger that, if hit, activates the order at a
predetermined price. Direct orders are when two identical orders in opposite ends,
from different clients, are registered by the same brokerage firm. In addition, it
is also possible to send orders with or without minimum amounts. An order with
minimum amount is automatically canceled if the minimum amount cannot be
reached. For orders without a minimum amount (iceberg orders), only a part of
the total amount is disclosed to the market, and the minimum amount disclosed
must be at least ten times larger than the standard lot of that asset.

In regards to duration, orders can be divided in: day order, good-till-canceled
(GTC), immediate-or-cancel (IOC), fill-or-kill (FOK). Day orders are valid until
a date specified upon registration, whereas GTC orders are valid until they are
canceled. IOC must be immediately filled, either partially or entirely, and any
unfulfilled parts of the order will be canceled. FOK orders must be filled in its
entirety, otherwise it is completely canceled.

There are a few trading parameters in the Brazilian stock exchange, which,
if reached, cause the trading of that asset to be suspended. After suspension,
there is an intraday auction in which every market participant may intervene and
contribute to price formation. Additionally, the BM&FBovespa has the power to
cancel or to implement a call session for any asset it deems necessary. During
intraday auctions, orders are registered, but no trades are executed. Intraday
auction orders cannot be canceled or made worse.

The BM&FBovespa also features a circuit break mechanism. The objective is
to dampen sudden movements and to rebalance buy and sell orders in the presence
of extreme volatility. When the main market index, Ibovespa, falls 10% in relation
to the closing price in the previous day, all trading in the market is interrupted
for 30 minutes. After reopening, the limit for negative price variation becomes
15%, with a trading halt of one hour. If, after this second suspension, the stock
exchange reopens and the negative price variation reaches 20%, trading may be
interrupted indeterminately.
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3. Market Microstructures

The VNET model empirically explores the connection between trading activity,
price volatility, and cost of trading. In most cases, price changes are due to an
imbalance between buy and sell orders. Indeed, signed volume typically indicates
the direction of private information, even in efficient markets (Easley and O’Hara,
1992).

In practice, news does not cause price to instantly move to a new level. It
implies an update of current beliefs, generating a sequence of trades and, conse-
quently, a volatility clustering until prices stabilize at a new level. Additionally,
the order book is composed of several limited orders, which are not necessarily
canceled after some news. What happens is that several trades are registered,
sometimes at different prices, until the price consolidates at a new level.

The evidence on information heterogeneity and adverse selection abounds in
the literature. Several studies aim to distinguish between informed and unin-
formed agents. If these two types of agents place their orders differently, then the
distribution of information in the market can be partially revealed by the trade
activity at any given moment. Easley and O’Hara (1987) and Hasbrouck (1988)
find a positive correlation between trade size and price impact, whereas McInish
and Wood (1992) show that the bid-ask spread tends to increase after high volume
trading.

Information asymmetry also helps explain the connection between trading fre-
quency and market depth. Agents with privileged information usually face time
restrictions due to the sensitivity of information. This generates a positive correla-
tion of trade intensity and volatility with the presence of informed agents (Foster
and Viswanathan, 1995).

By relying on price durations, VNET differs from the classic assumption of fixed
time intervals. It is thus closer to Easley and O’Hara’s (1992) framework, which
attributes informational content to time. In particular, higher trade intensity
moves in tandom tandem with a higher probability of informed trading, and hence
with a wider bid-ask spread.

4. Data Description

Quote and transactions data are from the BM&FBovespa market data sector
from October 2009 to December 2010. For each stock, we split the data into into
two data sets. The first comprises all trades, whereas the second focuses on offers
as well as buy and sell orders. Both databases contain the ticker, date of the event
(trade or offer), time of the event (down to the second), number of contracts, and
price, apart from a sequence number. Transactions data also include information
on the buy and sell offers that initiated the trade, as well as their sequence numbers.
We use the latter to connect both databases.

We start with the 14 most traded stocks in the year 2010, using the Ibovespa
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criteria. We limit the sample period to the third quarter of 2010, namely July,
August and September. During this period, the BM&FBovespa does not change
trading hours and hence it is only one hour ahead of the New York Stock Exchange.

Extracting relevant information from the databases require some amount of
data management. The first step is to exclude trades during opening call, closing
call and intraday auctions, as well as those in the after-market sessions. The main
goal is to isolate the impact of the trade activity in market depth, and hence
we must exclude these periods for they have different trade patterns than the
continuous trading period.

To exclude opening call trades, we simply eliminate the first trades of the day
with the same time stamp and price. To exclude closing call and after-market
trades, we delete any observation with a time stamp after 4.55pm (when closing
call begins). As intraday auctions do not have a direct indicator, we exclude any
observation that follows a period of at least 5 minutes without trades, with at least
five trades at the same time stamp and price.

In determining price durations, we exclude overnight price movement relative
to the closing call from the previous day and their corresponding price durations.
The relevant initial price for each day is the price of the first trade after the opening
call. For each observation, we record the average price between the buy and sell
offers (MIDQUOTE) as well as the bid-ask spread (SPREAD). We then compute
price durations based on the variation of MIDQUOTE because it is the best proxy
for the tefficient price. In particular, MIDQUOTE avoids the bid-ask bounce that
typically haunts transaction prices at the high frequency.

In the transactions database, we create a variable that indicates whether the
trade is buyer- or seller-initiated. For each trade, we match the time stamps of
the offers that originate that trade with the time stamps in the offer database to
define the initiator. In other words, a buy offer will come after the sell offer if
it is a buyer-initiated trade, whereas a sell offer will hit a previous buy offer if
seller-initiated.

In what follows, we describe how exactly we compute the price durations and
describe the main variables we investigate in our empirical analysis of market
depth at the BM&FBovespa.

4.1 Durations

The usual definition says that market depth is the number of shares that one
may buy or sell at a certain price interval. Thus, we will not use a fixed time
interval, but a stochastic one, defined by a given price deterioration. In contrast
to the time between trades, we define price durations as the time necessary for
prices to move beyond a predetermined point. For example, suppose that the share
price goes up 15 cents and then falls 15 cents within a certain fixed time interval.
The price variation is zero within this time interval, despite the occurrence of two
price movements of 15 cents each.
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This is why it is more convenient to determine durations by fixing the price
interval (INTERVAL). For each stock, we set the value of INTERVAL to the aver-
age size of the bid-ask spread. We then build two barriers, adding and subtracting
the INTERVAL from the first MIDQUOTE of the day to compute the first price
duration of that day by tracking the first MIDQUOTE that either hits or cross
one of the barriers. We then restart the process to compute the next price du-
ration using the MIDQUOTE price at the end of the first price duration as the
basis for the new barriers (namely, MIDQUOTE±INTERVAL). To ensure that
we are indeed singling out real price events, we only register a price duration if
we observe at least two subsequent MIDQUOTE observations outside the original
price interval.

Table 1 reports some descriptive statistics about the 14 stocks in the sample.
The average MIDQUOTE is between 12 and 50, whereas the average bid-ask
spread, which we use to set the value for INTERVAL, varies from 0.03 to 0.14. We
observe price durations in nearly every day of the 64 days in the sample period
for all the 14 stocks. There are on average 6 to 22 durations per day. Finally, the
average duration ranges from approximately 700 to 3000 seconds, establishing a
healthy heterogeneity in liquidity across stocks.

4.2 Variables of Interest

From the offer data set, we register the following information:

(1) DUR is the price duration in seconds;

(2) TIME is the time stamp at the end of the price duration, which we use to
define time-of-day dummy variables;

(3) SPREAD is the difference between the buy and sell prices immediately before
the end of a price duration;

(4) SELL OFFER and BUY OFFER are the average sizes of the buy and sell offers
in the duration, which gauge the realized depth in each side of the market.

From the transactions database, we record the following variables:

(1) TRADES is the total number of trades within a price duration;

(2) VOLUME is the number of shares traded within a price duration;

(3) PJUMP is the absolute price variation within a price duration;

(4) Q BUY and Q SELL are respectively the amount of stock shares bought and
sold within a price duration.

We calculate the VNET measure as the logarithm of the absolute value of
the difference between Q BUY and Q SELL. To avoid seasonality, we standardize
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DUR by the average duration in that time of the day. To do so, we divide the
trading day in 30-minute intervals and calculate the unconditional mean of the
price duration for each interval.

For operational reasons, we estimate the conditional expectation of the price
duration in the next section using PTIME, the squared root of the adjusted du-
ration. Table 2 reports some descriptive statistics for the above variables. There
is not a lot of cross-sectional dispersion in the average and standard deviation of
PTIME across stocks. The same applies to SPREAD to some extent. Interest-
ingly, Q BUY and Q SELL have very similar average and standard deviations for
any given stock, though with a lot of variation in the cross-section. We observe a
similar pattern linking TRADES and VOLUME. Finally, PJUMP and VNET also
display great variation across stocks.

5. Market Depth Determinants

The intraday liquidity model seeks to explain the connection between trade
dynamics and price movements. The difference in volume between buy and sell
orders that drives price changes depends on the market perception about informed
trading. VNET captures exactly the net directional volume during an interval:

V NET = ln

∣∣∣∣∣∑
i

divoli

∣∣∣∣∣
where d is a direction indicator (buy=1 and sell=−1) and vol is the total number
of stocks traded during a specific price duration.

Before trying to identify the determinants of market depth, as measured by
VNET, we first decompose PTIME into its expected and unexpected parts given
that their impacts on market depth are not necessarily the same. In particular,
the expected price duration is inversely proportional to the volatility (Engle and
Russell, 1998) and hence it is interesting to observe how it affects market depth
on its own.

5.1 Decomposing price durations

Figure 1 exhibits the autocorrelograms of the price durations (PTIME) for the
14 stocks in our sample. It shows that the PTIME series are very persistent, justi-
fying the autoregressive nature of ACD-type model. Our ACD specification enter-
tains that the expected duration depends not only on past durations (expected and
realized), but also on the bid-ask spread. Because we expect the bid-ask spread to
entail a negative impact, we add the inverse of the bid-ask spread (INV SPREAD)
as a control. We then model the price durations using the following ACD-type
specification:
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PTIMEt = EPTIMEt × UPTIMEt, with E[UPTIMEt|It−1] = 1

EPTIMEt = ω + αPTIMEt−1 + βEPTIMEt−1 + φINV SPREADt−1

where EPTIME is the expected squared root of the price duration (i.e., the condi-
tional expectation of PTIME) and UPTIME is the unexpected squared root of the
price duration given the information set It−1 available at time t− 1. Note that we
employ a multiplicative decomposition so as to preserve the nonnegativeness of the
price duration. To estimate the parameters (ω, α, β, φ), we evoke quasi-maximum
likelihood as in Drost and Werker (2004) by treating the baseline distribution of
the unexpected duration as exponential. Note that the resulting quasi-likelihood
function for PTIME is proportional to the likelihood function of a GARCH model
with a Gaussian distribution and hence we may carry out the estimation using
any standard econometric package that enables GARCH estimation.

Table 3 shows that the coefficient estimates for the past price duration
(PTIME) are significant at the 5% level for 10 of the 14 stocks. Similarly, we find
significant coefficient estimates for the past expected duration (EPTIME) for 13
of the 14 stocks. Interestingly, the bid-ask spread does not seem to affect much
price durations (or volatility) given that its coefficient estimates are insignificant
at the 5% level, except to CSN, Itausa and, possibly, Usiminas.

In the next section, we examine the determinants of VNET. Apart from the
liquidity controls (SPREAD, VOLUME and TRADES), we include both expected
and unexpected durations (EPTIME and UPTIME) in the analysis. The expected
duration reflects the price volatility, whereas the innovations in the price duration
mirror unexpected changes in the trade flow. As both volatility and trade flow
could well have a direct impact on the market depth, we control VNET for both
EPTIME and UPTIME.

5.2 VNET

VNETis a measure of realized market depth. The goal of this section is to
predict the VNET over a price duration using a number of liquidity and volatility
measures. More specifically, we control for the past values of SPREAD, VOLUME
and TRADES as well as for the contemporeous EPTIME and UPTIME:

V NETt = β0 + β1SPREADt−1 + β2V OLUMEt−1 + β3TRADESt−1

+ β4EPTIMEt + β5UPTIMEt

Table 4 reports that the coefficient estimates for SPREAD are negative in 11
of the 14 stocks. This evinces that stocks with higher liquidity have lower bid-ask
spreads and hence more market depth. However, these effects are mostly insignif-
icant. We find only 4 stocks with a significantly negative SPREAD coefficient at
the 5% level of confidence using one-sided t-tests.
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VOLUME represents a measure of trade intensity as well as of relative imbal-
ance between buys and sells given a certain VNET level. Because the VNET is
an absolute measure of the difference between purchases and sales, the higher the
VOLUME, the lower the relative imbalance, measure in percentages. The esti-
mates of β2 are significantly positive at the 5% level for 12 of the 14 stocks. It can
also be observed that the coefficients are always lower than one, signaling that the
VNET responds in a less-to-proportional fashion to changes in VOLUME. This
response might reflect the increase in the risk of informed trading due to the higher
volume.

The number of trades over a price durationis another measure of trade inten-
sity. In the presence of information asymmetry, an increase in trade frequency
represents an increase in the probability of agents having privileged information.
The negative coefficient of TRADE in 10 of the 14 stocks corroborates the idea
that market depth is decreasing in trade frequency. These negative coefficient es-
timates are mostly significant at the 5% level as opposed to the positive coefficient
estimates that are all insignificant at the usual levels of confidence.

Because volatility is associated to the arrival of news and to the presence of
informed agents, we expect a positive effect of the expected duration on VNET. In
fact, the coefficient estimates are positive for 10 of the 14 stocks. These estimates
are mostly at the 5% level in contrast to the insignificant positive coefficient esti-
mates. Finally, the coefficient estimates for the unexpected duration are positive
and highly significant for every stock. This indicates that impatience increases in
the presence of informed trading.

Note that the effect of the unexpected component of the price duration is con-
temporaneous. Implicitly, we are assuming that UPTIME is weakly exogenous.
Because trade activity instigates price movements, we must condition VNET on
PTIME to gauge how many stocks can be traded over a given time interval with-
out moving prices more than the increment value given by INTERVAL. To ver-
ify model congruency, we carry out a residual analysis. Visual inspection of the
residuals and of their autocorrelagrams indicate no volatility clustering, trend or
autocorrelation. LM tests cannot reject the absence of autocorrelation and of con-
ditional heteroskedasticity. In short, the residuals are seemingly white noise for
every stock.

6. Market Reaction Curve

VNET measures how market depth deteriorates as we move along the book of
buy and sell offers. We have so far kept the value of the price increment arbitrarily
fixed at the average bid-ask spread (INTERVAL). However, there is no reason why
agents should contemplate the same value for the price increment given that their
tolerance to trading costs may differ.

In this section, we reestimate the conditional duration model for different price
increments to produce a market reaction curve. We carry out his analysis for
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the ITUB4 share because it has on average the largest number of price durations
over a day. Given that the value of INTERVAL is 0.07 cents for Itau-Unibanco,
we entertain the following alternative values for INTERVAL: 0.03, 0.05, 0.09, and
0.11. For each value in the grid, we estimate the ACD model for the resulting price
durations, as well as the VNET regression. Table 5 reports the coefficient estimates
for the latter. It is very reassuring to observe that the results are qualitatively
very similar across the different values of the price increment.

For each regression, we project VNET conditioning on the average values of
SPREAD, VOLUME, TRADES, EPTIME, and UPTIME. We include in this
group of variables the average market depth at the buy side, which is another
proxy for the observed market depth. We assign the value of INTERVAL toeach
predicted VNET and the value 0.01 for the observed market depth given that a
buyer must bear at least the cost of the bid-ask spread. The minimum price vari-
ation for the ITUB4 shares is 0.01 cent and hence this is also the least it will take
to put forth the operation.

Figure 2 shows that, as expected, the average VNET increases with the price
increment. In particular, the market reaction curve is reasonably linear, exhibiting
only a small amount of convexity. The fact that the observed depth is very close to
the linear regression line further confirms that VNET gauges market depth pretty
well.

7. Conclusion

In this empirical study, we investigate one of the least explored components
of liquidity in the Brazilian stock market, namely, market depth. To do so, we
gauge the price impact of a trade using Engle and Lange’s (2001) VNET tech-
nology.. More specifically, we first decompose price durations into their expected
and unexpected components using ACD-type models and then run regressions to
understand how the realized market depth varies with them and with other liq-
uidity indicators for 14 stocks traded at BM&FBovespa. As in Engle and Lange
(2001), we employ VNET, the net signed volume over a price duration, to proxy
for market depth.

We find that market depth is increasing in a number of liquidity measures
as well as in the unexpected price duration. We also evince that market depth
deteriorates in the presence of information asymmetry and hence it is now always
the case that the larger the volume, the larger the market depth. These results are
interesting because they pave the way for a VNET-based trade execution strategy
that aims to reduce transaction costs.
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Figure 1
PTIME autocorrelagram for each stock
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Figure 1 – PTIME autocorrelagram for each stock (cont.)
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Figure 2
Market reaction curve
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