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Abstract: This paper investigates the relation between liquidity and information-based
trading in the context of an order-driven auction. A model similar in spirit to that of
Easley et al. (1996) is used to determine how often new information occurs and how it
influences the composition of orders submitted to the market. The risk of information-
based trading is estimated for a sample of Prague Stock Exchange listed stocks. The
empirical results agree with previous findings that the risk of information-based trading
is lower for more active stocks. Surprisingly, information based trading is apparently
less common on the recently created Prague Stock Exchange than on more well-
established markets.
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The connection between liquidity and information based trading has been

studied by several authors (see, for example, Hasbrouck (1988, 1991) and Easley,

Kiefer, O’Hara and Paperman (1996)) using data from developed capital markets. The

main purpose of those investigations was to explain the observed differences in spreads

for active and infrequently traded stocks. Easley et al. (who used a sample of stocks

listed at the New York Stock Exchange) found that the probability of information-based

trading is lower for high volume stocks. Information-based trading also explained, at

least partially, the differences in spreads for active and infrequently traded stocks. I ask

whether similar conclusions hold in an emerging market such as that of the Czech

Republic.

The institutional structure of the Prague Stock Exchange (PSE) is quite different

from that of the NYSE. There are no market makers setting bid-ask spreads. Instead,

trading is done through the so-called Automated Trading System, which for each stock

listed on the market1, clears the orders made by individual brokers. This clearing is done

once a day (at about 11am), and although some additional trading later in the day is

possible, this must be done at a price set by the clearing algorithm. The orders submitted

by the brokers can be both market (a simple buy/sell order) and limit orders.

Despite these major differences in the institutional structure of these markets

(PSE versus NYSE), an econometric model similar to that used by Easley et al. can be

utilized to examine the importance of information based trading on the Prague Stock

Exchange. Naturally, the purpose of this investigation is not to study the determinants of

a bid-ask spread, but rather to inspect the role which informed agents assume in an

institutionalized market in an economy where they also have other possibilities to use

their information.

These possibilities can be described as follows: In the U.S. (or any other country

with a developed capital market), although a particular stock can be traded on several

markets, each of those markets should produce a price for the stock which is easily

observable by other agents on the market. Possible arbitrage opportunities are then

quickly exploited so that differences in prices on different markets disappear or fall

below the level of transaction costs connected with arbitrage trading. In the Czech

Republic, there exist three points of stock trading: 1) the Prague Stock Exchange, where

agents can either trade their stocks on the so-called “central market” (described above

                                                          
1 with the exception of a very small group of the most active stocks which also trade continuously through
the so-called KOBOS system.
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and studied in this paper) or take part in block or direct trading done with larger

packages of stocks; 2) the RM-System, a computerized network which also uses an

order-clearing mechanism, and due to its wide availability, serves mainly small

stockholders; and 3) the Center of Securities, which actually serves as a register of all

securities and their holders. Any two agents can trade their stocks directly at the counter

of the Center of Securities at any agreed upon price.

Before the beginning of 1995, records of these transactions were not available to

other agents. After this date, weekly summaries of volumes and average volume-

weighted prices were published. Only recently (from February 1997) have records on all

transactions and all prices become available to the public. This means that, for quite a

long time, informed agents could utilize their information without revealing it to other

traders on the (organized) market simply by exchanging their shares at the Center of

Securities rather than on the PSE or RM-System (provided they themselves found a

counterpart for this trade). Small capitalization of the PSE and lagged reporting of

trading at the Center of Securities make revealing of new information through trade at

the PSE more probable than through trade at the Center of Securities, despite the fact

that anonymous trading is only possible at the PSE. Given these circumstances, it is

reasonable to expect that the role of informed trading on the PSE is generally very low.

To test this prior expectation, a model explicitly representing the possibility of

information-based trading is presented and the probability of information events and

informed trading are estimated for a subsample of  PSE stocks.

The rest of the paper is organized as follows: in Section 2, the model is

developed and a likelihood function to be maximized is derived. In Section 3, the data

are described. Section 4 provides results of the estimation and Section 5 concludes the

paper.
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2. The Model

2.1 Trading Mechanism of the PSE

The structure of the model is determined by the trading mechanism of the PSE

and the type of data that are publicly available. It is important, therefore, to describe the

trading procedure in more detail before presenting the model. As already mentioned,

trading is done and a price is set by the Automated Trading System (ATS), which clears

the buy and sell orders2 for each stock. The goal of the clearing procedure is to

maximize the number of shares traded. In this setting, where shares trade via order-

driven auctions, the role of the market versus limit orders is quite different than in a

continuous trading framework. In the continuous auction, the limit orders “waiting” in

the limit-order book of the market makers provide liquidity to the market and can be

matched with the market orders as the latter arrive at the market. However, in the

clearing mechanism of the type described above, the market orders are those which, by

matching any limit order, increase the volume of trade and liquidity of the stock.

A crucial feature of the price-setting mechanism at the PSE is the upper limit on

the percentage price change: for most issues, the price can change by at most 5% during

a single trading day (auction). Comparison of demand and supply patterns during the

price-setting process can, therefore, have several qualitatively different outcomes. These

are summarized in the variable (published by PSE)  called “code of the market,” which

can take one of eight values. These are described in the Appendix. Values of this “code

of the market” variable, together with values of the allocation ratio variable (capturing

the extent of order rationing) can be used to reconstruct the numbers of shares

demanded/supplied in a way that is discussed more deeply in the next section, where the

structure of the model is presented.

2.2 The Structural Setup of the Model

The observable pieces of information, namely the degree of demand/supply

imbalance measured by the “code of the market” variable and the number of shares

demanded/supplied at the new market price, can be utilized in the following model to

provide insights into trade and information flows.

Traders arriving at the market can either be uninformed or have information

about the value of the stock. On each day, prior to the beginning of the period in which

                                                          
2 The order may have a limit price specified, i.e., a maximum price for buy and minimum price for sell
order. If the limit price is not specified, it is a simple market order.
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orders can be submitted  to the market, nature determines whether an information event

relevant to the value of the particular asset will occur. These information events are

assumed to be independently distributed and to occur with probability α. There are good

signals with probability 1 - δ, and bad signals with probability δ.  Informed investors

know these signals while uninformed ones do not.

As Easley et al. (1996), I assume that the arrival of uninformed buyers and

sellers at the market (i.e., their decision to trade and the actual submission of orders —

to be considered in the upcoming auction — to the market) is determined by an

independent Poisson process with the arrival rate ε. The arrival of news (signals) to the

traders and their subsequent arrival at the market are assumed to follow a Poisson

process with the arrival rate µ. Observing a good (bad) signal leads to the submission of

a buy (sell) order. This “informed trading” process is also assumed to be independent of

the arrival processes of uninformed traders.

The described Poisson processes result from each agent deciding (not having

information or observing a signal) whether to trade at the market or not. They do not

capture the decision about the type of order (market versus limit) and, in the case of a

limit order, the decision about limit price. In fact, I assume that this decision is

independent of the decision on whether or not to trade, and I thus model it with the ad

hoc construction described below.

If Pt-1 is the previous-day price of the stock and P*
t is the new price, define the

price change p* = (P*
t - Pt-1)/Pt-1 and measure the price of the stock on a given day by the

relative price change p*. Because of limits on price change due to the trading

mechanism of the PSE, a trade could never occur at a price outside the admissible (5%)

interval. We can, therefore, think of market orders as a special type of limit order with

the limit price set 5% below (above) the previous-day price in the case of sell (buy)

orders. The limit prices of particular orders submitted are discretely distributed in the

admissible interval. This is approximated here by the (continuous) logistic function,

which specifies number of shares demanded at price p as

B p A
e

e
D

p s

p s
( )

( )

( )
=

+

− +

− +

β

β1
, (1)

where β and s are parameters, and AD is the total number of shares demanded —

irrespective of possible limit prices of corresponding buy orders — which was assumed

above to follow  a Poisson distribution.

Similarly, the number of shares supplied at price p is modeled as
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where AS is the total number of shares supplied — irrespective of the corresponding

limit prices — which also follows a Poisson distribution.

Depending on the relative position of B(p) and S(p) (driven by the realization of

AD and AS), there are three possible outcomes:

a) Demand and supply patterns cross for p*, which lies inside the admissible region.

This corresponds  to “codes of the market” 1, 2, and 3 in the real data.

b) The new price is at the boundary and the allocation ratio is greater or equal to 20%.

This corresponds to “codes of the market” 4 and 5 in the data.

c) The allocation ratio for p* at the boundary of the admissible region is lower than

20%, or there are no orders submitted on either the buy or sell side of the market.

This means that no trade is made and corresponds to “codes of the market” 6, 7, and

8 in the real data.

Codes 1, 2, and 3 correspond to the situation in which the market price p*,

proposed by the ATS, falls inside the admissible interval, and all orders valid at that

price are executed. In that case, the quantity (number of shares) demanded, B(p*), is

equal to the quantity supplied, S(p*). If the new price lies at the boundary (codes 4 and

5), some orders may be rationed. The extent of rationing is given by the allocation ratio

discussed in the Appendix and this ratio (as published by PSE) can therefore be used to

reconstruct the quantities B(p*) and S(p*) from the number of actually exchanged

shares.

Given the parameters β and s, the number of shares demanded/supplied at the

new price p can be used to compute the (unobservable) total amounts demanded (AD)

and supplied (AS). While it is possible to reconstruct these numbers for cases a) and b)

corresponding to the “codes of the market” 1, ..., 5, it is not possible to infer them from

the information published in the case of no trade (“codes of the market” 6, 7, and 8).

There are several ways to deal with this problem. First, one can simply condition

on nonzero trade volume and restrict oneself to the “codes of the market” 1, ..., 5.

Second, given the structural setup of the model, it is in principle possible to compute the

probability of no trade (as a function of structural parameters) explicitly from the

assumptions on demand/supply patterns and to use the observations with “codes of the

market” 6, 7, and 8 to obtain more efficient estimates of the parameters of the model.

This would, however, involve computation of quantiles of the distribution of the ratio of

two Poisson random variables, which would be extremely cumbersome.
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The approach used here lies somewhere between the first case of abandoning the

additional information contained in observations of no trade and the second case of

explicit (but very complicated) modeling.

The approach utilizes the simple implication of the model for demand/supply

patterns as described in (1) and (2); namely, that in the case of an information event, the

probability of “global mismatch” between demand and supply (resulting in the case of

no trade) should be higher than in the case when no new information occurs. Thus, if γE

is the probability of nonzero trade in the case of a new signal, and γN denotes the

probability of nonzero trade when there is no new information, the inequality γN  ≥ γE

should hold. This restriction is incorporated into the model in an attempt to utilize the

observations of no trade, particularly for better estimation of the probability of an

information event, α.

Another justification for this ad hoc treatment of the fact that AD and AS are

unobservable in the case of no trade is to allow more flexibility in the Poisson-type

model, which could be too restrictive with respect to the probability of no trade.

Particularly, the probability of no trade as implied by the model specification could be

too low compared to empirical evidence. Therefore, the much easier estimation and

higher flexibility of the simplified model would seem to outweigh the possible

efficiency loss due to this simplification. The structure of the proposed model as

discussed in the preceding paragraphs is illustrated in Figure 1.

no trade
1-γE

              Signal good
              1-δ γE

trade

    Inf. event                δ no trade
    occurs                Signal bad 1-γE

    α
γE

trade
    1-α
    Inf. event no trade
    does not occur 1-γN

γN

trade

AD(ε+µ)
AS(ε)

AD(ε)
AS(ε+µ)

AD(ε)
AS(ε)

AD, AS

unobserved

AD, AS

observed

AD, AS

unobserved

AD, AS

observed

AD, AS

unobserved
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Figure 1: Tree diagram of the trading process. α is the probability of an information event, δ is the
probability of a bad signal, ε is the arrival rate of uninformed traders, µ is the arrival rate of informed
traders, γE is the probability of nonzero trade in the case of an information event, and γN ≥ γE is the
probability of nonzero trade when no new information occurs. AD(ω) (AS(ω)) indicates that the total
number of shares demanded (supplied) follows a Poisson process with the arrival rate ω. These values are
unobserved if there is no trade and can be reconstructed (using (1) and (2)) from the data on shares
demanded/supplied at the new price, otherwise.

The parameters to be estimated for a given stock are α, δ, ε, µ, γE, γN, β and s.

The primary goal of the paper is, however, to estimate the extent of information based

trading. Based on the branch of the tree prevailing on a given day, buy and sell orders

follow different arrival processes. The “average arrival rate” of informed traders is α((1-

δ)µ + δµ) + (1-α)*0 = αµ. The “average arrival rate” of all traders is α((1-δ)(µ+2ε) +

δ(µ+2ε)) + (1-α)*2ε = αµ+2ε. The overall probability of informed trading is given by

the ratio of these two expressions, so that

PI =
+

αµ
αµ ε2

. (3)

2.3 The Likelihood Function

In the proposed model buy and sell orders follow one of three Poisson processes

on each day. Whether or not new information occurs is not directly observable. It is,

however, reflected in the data so that more buy orders are expected on good-signal days,

and more sell orders are expected on bad-signal days. On no-event days, there are no

informed traders arriving at the market and fewer trades can be expected. The

probabilities of these cases are determined by the probability of new information

occurring and the type of information.

To construct the likelihood function for the whole model, the likelihood of order

arrivals on a day of known type is derived first. Consider a good-signal day. The buy

orders arrive at rate µ + ε as both uninformed and informed traders submit these orders.

The sell orders arrive at rate ε as only uninformed traders sell. The distributions of the

total number of shares supplied/demanded are independent Poisson distributions. Then,

the likelihood of observing the total of AD buy orders and AS sell orders submitted on a

good-event day, conditional on nonzero trade, is

e
A

e
A

A

D

A

S

D S

− + −+( ) ( )

! !
µ ε εµ ε ε

. (4)
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Similarly, on a bad-event day, this conditional likelihood is

e
A

e
A

A

D

A

S

D S

− − + +ε µ εε µ ε
!

( )

!
( ) , (5)

and for a no-event day, it is

e
A

e
A

A

D

A

S

D S

− −ε εε ε
! !

. (6)

Let DNT denote the “no trade” 0-1 indicator variable, which is 1 if there was no trade

with the stock on a given day (code of the market equal to 6, 7 or 8), and 0, otherwise.

The probabilities of a good-event day, bad-event day, and a no-event day are α(1-δ),

αδ, and 1-α, respectively. The overall likelihood function for a given day, therefore, is

[ ]L A A D

D
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A
e

A

e
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e
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e
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D S
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A
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S S D S

(( , )| ) ( ) ( )( )

( )
( )

( )

! !

!

( )

!
( )

! !

( )
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θ α γ α γ

α δ µ ε ε
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µ ε ε
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+

+
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+ −



















− + −

− − + − −

1 1 1

1
1

1

(7)

The values of AD and AS are not directly observable and are modeled here by (1) and

(2), from which we can write

[ ] A B eD p s= + +1 β ( ) , (8)

[ ] A S eS p s= + − −1 β ( ) , (9)

where B and S are the number of shares demanded/supplied at the new market price,

and  x  denotes the nearest integer to x; this rounding is employed as AD and AS are

assumed to follow (discrete) Poisson distribution. Substituting from (8) and (9) into (7),

we get the likelihood L((B,S)|θ) in terms of observable variables. As days are

independent, the likelihood of observing the data (Bi, Si)
I
i=1 over I days is the product of

daily likelihoods,

L L B Si i
i

I

=
=

∏ ( | ( , ))θ
1

. (10)

This function is then maximized to estimate the parameter vector θ.

3. The Data

The model derived in the previous section is estimated for a subsample of stocks

traded on the PSE. All data available from the introduction of a given stock on the
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market3 until November 30, 1996 are used. For each stock in the sample, we need to

estimate the parameters of the trade process. If the stock is traded too infrequently, there

may not be enough data for this estimation. Also, the price level of a given stock can

influence the trading process. These issues are discussed below where I describe the

sample selection criteria.

The sample of all joint stock companies traded on the PSE was first sorted on

the average probability of nontrading (probability of no trade in a given day). The

sample is then divided into deciles, where the first decile contains the most frequently

traded stocks. Although there were more than 1,750 firms listed on the PSE in 1996,

most of them did not trade very frequently (see 1ÀPH³HN (1996) for details). Trading

frequencies and volumes decrease rapidly across deciles. To be able to judge the role of

trading activity, and at the same time to be able to estimate the model4, I use stocks

from the first through the fifth nontrading deciles.

To eliminate the possible effects of the stock price levels, I construct a matched

sample of stocks with the “same” prices but different trading frequencies. This matching

is very similar to the one used by Easley et al.: the average price of the stock over the

whole period was used to sort the stocks within the nontrading deciles. The adjacent

pairs of stocks from different deciles are then matched into groups. This yields 175

groups out of which 25 groups are randomly selected.

Table A.1 in the Appendix lists the group statistics for the selected stocks, their

average probabilities of nontrading, book values of the firms (number of shares

outstanding times their face value), average prices, and the number of observations

(number of days on the market). The individual stock data (not shown, available from

author) show clearly that the extent of nontrading, as well as the average price of the

stock, is closely related to the size of the firm. Larger firms have a much higher liquidity

and a higher average price.

4. Estimation

In section 2, the likelihood function for the structural model was derived. This

likelihood function can be maximized, conditional on trade data for a given stock, to

obtain the estimates of the trade process and information flow for that stock. The

                                                          
3 June 22, 1993 and March 1, 1995 for most of the stocks offered in the first  and second wave of the
voucher privatization, respectively. The vast majority of stocks entered the market on one of those two
dates.
4 The estimation process often does not converge for infrequently traded stocks.
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probability parameters α, δ, γE, and γN were restricted to (0,1) by a logit transformation

of the unrestricted parameters. To ensure that γN ≥ γE, as predicted by the model, γN was

expressed as γE + γ, and this summation was also restricted to (0, 1). The arrival-rate

parameters ε and µ were restricted to (0, ∞) by a logarithmic transformation. The

likelihood function expressed in terms of these unrestricted parameters was then

maximized using the ML procedure of the TSP package. Standard errors for the

economic parameter estimates were calculated from the asymptotic distribution of the

unrestricted parameters using the delta method.

Because of their length, detailed results of the estimation are not presented here.

However, to illustrate the individual-firm results and complete the picture as presented

by group statistics reported in Table 1 and discussed below, the estimated parameters

and corresponding standard errors for each stock in the middle-nontrading group C of

the sample are provided in Table A.2 of the Appendix. The values of t-statistics reported

in Table A.2 show that the parameters of the model are, in most cases, estimated quite

precisely; this is true especially for the arrival rates of uninformed (ε) and informed (µ)

traders.

Note that the estimates of parameters β and s of the demand and supply

functions are not reported. The reason is that these parameters were never significantly

different from zero. There are several possible explanations for this observation. First, if

the limit prices of all orders lay at the boundaries of the admissible new-price interval so

that these orders were valid throughout the whole interval (and they were, in fact,

equivalent to the market orders with no limit price specified), the demand and supply

patterns would be flat, justifying an estimate of  β  equal to zero.  However,  this does

not seem to be an accurate account.  A second explanation is that the model chosen for

the shape of demand and supply patterns inside the admissible region  (the logistic

function)  may  not be  appropriate.  I have, therefore, tried a simpler model using a

linear structure for these patterns. The estimates of this linearized model in no way

differ from those reported. The third, and most probable, explanation is that the model

as designed requires simply too much from the data, and therefore, it is not possible to

reliably estimate the shape of the demand and supply patterns from the aggregate

number of buy and sell orders on any given day. Having some special information about

the type of day (whether new information occurred and what type of information it was)

could help. If there are signals that are not purely firm-specific but influence several
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firms simultaneously, then the application of panel data techniques could help to resolve

this problem. I will return to this point in the conclusion.
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Table 1: Summary statistics on estimated parameters by group

3DUDPHWHU� 3,7���� ε µ α���� δ����
$��)LUVW�GHFLOH
��0HDQ ���� ������� ����� ����� �����
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��0HDQ ���� ����� ���� ����� ����
��0HGLDQ ���� ������ ����� ����� ����
��6WG��GHY� ���� ����� ���� ����� �����
��6WDW��VLJQ��DW��� ������ ������� ������ ������ ������
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��0HDQ ���� ������ ����� ����� �����
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To see the differences in estimated parameters among the groups, group

statistics were computed (Table 1). Besides the mean, median, and standard deviation,

this table shows a percentage of firms in a given group, for which an estimate of a given

parameter is statistically significant at the 5% significance level. Though the ranking of

the estimates of probability of informed trading and arrival rates across deciles is

consistent with prior expectations, the variability of the estimates suggests that there are

no significant differences in means of the parameters across groups5.

Like Easley et al., I, therefore, compute nonparametric statistics to compare the

distributions of estimated variables across groups. Specifically, the Kruskal-Wallis test

and the Wilcoxon rank sum test are used. The Kruskal-Wallis test serves to check

whether the five population distribution functions are identical against the alternative

that at least one of them is different. The Wilcoxon test is used for a pairwise

comparison of these distribution functions and tests whether the values for one sample

                                                          
5 This fully agrees with the findings of Easley et al., who also find a similar ranking of not significantly
different group means.
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tend to be higher or lower than for the second sample. The values of the test statistics

are given in Table 2.

Consider first the parameters capturing the arrival rates of uninformed and

informed traders. Table 1 shows large differences in both ε and µ across groups.

Naturally, the arrival rate of uninformed traders falls dramatically when going from the

most active stocks to less liquid ones. The Kruskal-Wallis test rejects the hypothesis that

these arrival rates are equal across groups; the Wilcoxon test supports this observation

by showing that the distribution of ε for the most active stocks (A) differs significantly

from that of other groups — B, C, D and E. Only the differences between the adjacent

groups B and C, C and D, and D and E are not significant.

Table 2: Nonparametric tests
The Kruskal-Wallis test is used to determine whether the five populations (groups of stocks) from which
the parameter values are drawn are identical against the alternative that at least one of them differs. The
Wilcoxon rank sum test compares two populations and indicates whether one of them tends to yield
higher values. Deciles are denoted by A (most frequently traded stocks) through E (fifth nontrading
decile).
3DUDPHWHU� 3,7 ε µ α δ
.UXVNDO���:DOOLV�7HVWV

������ ������ ������ ������ ������
$V\PSWRWLFDOO\�GLVWULEXWHG�DV�χ�����
&ULWLFDO�YDOXH�IRU�α� ������LV�����

:LOFR[RQ�UDQN�VXP�WHVW
��$���% ����� ������ ����� ����� ������
��$���& ����� ������ ����� ����� ������
��$���' ����� ������ ����� ����� ������
��$���( ����� ������ ����� ����� ������
��%���& ����� ������ ����� ������ �����
��%���' ����� ������ ����� ������ ������
��%���( ����� ������ ����� ������ �����
��&���' ����� ������ ����� ������ ������
��&���( ����� ������ ����� ������ �����
��'���( ������ ������ ����� ������ �����

$V\PSWRWLFDOO\�GLVWULEXWHG�DV�1������
&ULWLFDO�YDOXH�IRU�α� ������LV��������

The distributions of arrival rates of informed traders also exhibit the expected

patterns. According to Table 1, the arrival rate of informed traders increases when going

from more active to less active stocks, not only in relative terms (compared to the

arrival rate of uninformed traders), but also in absolute values.6 Again, both the

Kruskal-Wallis test and Wilcoxon test confirm this ranking and show significant

differences between most of the deciles. The hypothesis of identical distribution is not

                                                          
6 This is different from the observation of Easley et al., who find that (in absolute terms) the arrival rate of
informed traders is higher for more active stocks.
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rejected for pairs B and C, C and D, C and E, and D and E, i.e., primarily for the groups

of less traded stocks.

Unlike in Easley et al., the estimates of the information event parameters α and

δ are not linearly related to the stocks’ liquidity. While the probability of an information

event occurring on a given day has a mean of 13.53% for the first decile, it increases to

30.80% for the second decile and falls back to 19.29% for the fifth decile. Thus, only

the low mean probability of an information event occurring for the first decile does not

conform to the pattern of decreasing frequency of information events for less active

stocks found in Easley et al. Also, the magnitudes of these frequencies are significantly

lower than those found for NYSE stocks (about 50% for the first and 35% for the eighth

decile).

Moreover, the pattern of good/bad signals is reversed — the probability of a bad

signal falls from 20.75% for the most active stocks to 9.41% for the fourth group and

increases to 18.67% for the fifth decile of PSE stocks; it increases from about 35% for

the first decile to 50% for the eighth decile of NYSE stocks.7 As for the statistical

significance of these observations, the Kruskal-Wallis test leads to rejection of the

hypothesis of an identical distribution of parameter α across groups; this test also finds

(at 5% level) significant differences in the distributions of types of signals (parameter δ)

across the five groups. The Wilcoxon rank sum test finds statistically significant

differences in the distributions of parameter α for almost all pairs of groups — the only

exception is the pair B and C, i.e., the second and third nontrading deciles. The test also

supports the hypothesis of a higher probability of a bad signal (δ) for the most active

stocks, compared to other groups.

Finally, consider the parameter which is of highest interest — the overall risk of

informed trading. The group means reported in Table 1 show an increase in this

parameter when going from more active to less active stocks. Both the Kruskal-Wallis

and Wilcoxon tests indicate significant differences in the distributions of the probability

of informed trading across groups. Only when the bottom three deciles are compared

does the Wilcoxon test not reject the hypothesis of identical distributions. This again

                                                          
7 There is no clear explanation of the relatively low probabilities of the bad signals on the PSE. One
possibility is, however, that because of the concentration process, the bad signals are reflected more in a
decrease in the trading activity than in an increase in the supply of shares (investors who want to acquire a
higher portion of the firm will be more reluctant to sell its shares when observing a bad signal). This
would mean that arrival rates of informed traders in the case of an information event are different for
good and bad signals. The model as estimated did not allow for such a possibility.
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agrees with the observation of Easley et al. that probability of informed trading

increases with decreasing liquidity.

5. Conclusions

Recent discussions about the connection between liquidity and the informational

role of stock markets yield important insights into the market makers’ decision on the

bid-ask spreads in the framework of continuous-time dealer markets. A clear conclusion

of empirical studies is that low liquidity enhances the risk of information-based trading

and that wider spreads for infrequently traded stocks do — at least partially — result

from market makers insuring themselves against losses from trading with an informed

agent.

This paper tries to access the same problem in the setting of order-driven auction

markets. For a sample of Prague Stock Exchange stocks, the behavior of active and

infrequently traded stocks was investigated. A model, similar in spirit to that of Easley

et al., but taking into account the limits of data availability and other specifics of the

PSE, was proposed and the probability of information-based trading was estimated for

each stock in the sample. While it was not possible to estimate the underlying shapes of

the demand and supply patterns, the arrival rates of uninformed and informed traders

and probabilities of information events were estimated with reasonable precision. The

analysis confirms the a priori expectation that the probability of information-based

trading is lower for actively traded stocks than it is for inactive stocks.

The relative patterns and observations on the role of liquidity in determining the

extent of information-based trading, reported above for the case of the order driven

(auction) stock trading at the PSE, are in full accord with the findings of Easley et al. for

the price driven (continuous auction) trading at NYSE. The extent of informed trading,

however, differs substantially. While Easley et al. report average probabilities of

informed trading of about 20%8, the average risks of information-based trading found

here are just 0.19%, 1.39%, and 2.01%, respectively, for the corresponding three groups

(deciles) of PSE stocks. There are several factors that could explain this difference.

First, as discussed in the introduction, the situation in the Czech Republic in the

analyzed period was special in the sense that informed traders had many opportunities

to utilize their information outside the price-making market. This could also explain

why the arrival rates of informed traders for active stocks are lower in magnitude than
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the arrival rates of informed traders for inactive stocks — it is easier for an informed

trader to find another party for a transaction that involves actively traded stocks than it

is to find one for trading an illiquid stock. However, when an informed agent trades

directly with another party (outside the market), other agents may more easily identify

him as being informed. In the case of a developed market, where all agents are price-

takers on the market, an informed trader is more likely to trade in the market than

outside because of the risk of revealing his type. The PSE, however, is a market with

quite small capitalization, one in which orders submitted by one agent may substantially

influence the auction price of the particular stock. At the same time, there was (during

the period studied in this paper) a substantial time lag in reporting of the transactions

made at the Center of Securities and the reporting requirements were very weak.

Further, the transaction costs of the transfer at the counter of the Center of Securities

were negligible compared to the costs of trading on the market — this difference in

trading costs was, of course, largest for the most active stocks (which have, at the same

time, the highest prices). These facts are likely to have led the informed agent to trade

primarily outside the market.

Another argument explaining the low average probabilities of informed trading

comes from the work of Pagano and Rqell (1996), who show, in a stylized environment,

that greater transparency of the trading mechanism reduces trading costs and the ability

of informed traders to profit from their information. In this respect, the order-driven

auction of the PSE ranks above the continuous auction of the NYSE. This also supports

the lower risk of informed trading on the PSE.

To conclude, the proposed model documents that the risk of informed trading
decreases with increasing liquidity of a stock. The extent of information-based trading
at the PSE is very low in magnitude, which can be explained by the other opportunities
informed traders have to utilize their private information and by the institutional
structure of the market. The shapes of demand and supply patterns which could not be
identified in this model may, hopefully, be revealed when panel data techniques are
applied to enhance the model and to utilize information carried by signals that are not
purely firm-specific.

                                                                                                                                                                         
8 16.4%, 20.8%, and 22.0% for the three groups they use
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APPENDIX

Description of the variable “code of the market” published by the PSE:

Code = 1 ... perfect balance
Number of securities supplied and number of securities demanded at the new price are equal. The new
price is within the allowed spread margin.

Code = 2 ... local excess on supply side
Number of securities supplied at the new price is higher than the number of securities demanded at that
price. The new price is within the allowed spread margin. All buy orders with limit price higher or equal
to the new price will be satisfied. Sell orders with limit price lower or equal to the new price will be
rationed9.

Code = 3 ... local excess on demand side
Number of securities demanded for purchase at the new price is higher than the number of securities
supplied at that price. The new price is within the allowed spread margin. All sell orders with limit price
lower or equal to the new price are satisfied. Buy orders with limit price higher or equal to the new price
will be rationed3.

Code = 4 ... global excess on supply side
Number of securities supplied at the new price is higher than the number of securities demanded at that
price. The new price equals the lower limit of the allowed price spread margin. All buy orders with limit
price higher or equal to the new price will be satisfied. Sell orders with limit price lower or equal to the
new price will be rationed according to the allocation ratio, which is the ratio of shares actually sold to the
number of shares supplied.

Code = 5 ... global excess on demand side
Number of securities demanded at the new price is higher than the number of securities supplied at that
price. The new price equals the upper limit of the allowed price spread margin. All sell orders with limit
price lower or equal to the new price will be satisfied. Buy orders with limit price higher or equal to the
new price will be rationed according to the allocation ratio, which is the ratio of shares actually sold to the
number of shares demanded.

Code = 6 ... total excess on supply side
Number of securities supplied at the new price is higher than the number of securities demanded at that
price. The new price equals the lower limit of the allowed price spread. The allocation ratio is lower than
20 %, and therefore no trade will take place.

Code = 7 ... total excess on demand side
Number of securities demanded at the new price is higher than the number of securities supplied at that
price. The new price equals the upper limit of the allowed price spread. The allocation ratio is lower than
20 %, and therefore no trade will take place.

Code = 8 ... not quoted
No sell or buy orders were placed, or such orders were placed, but the limit prices of sell orders do not
overlap with the limit prices on the demand side. The previous price remains valid. No trade takes place.

                                                          
9 This could happen due to the discrete nature of the distribution of orders actually submitted. In the
model, the stepwise non-increasing (non-decreasing) functions describing cumulative numbers of shares
demanded (supplied) at a given price were modeled by the smooth logistic functions so that rationing
occurs only at the boundaries of the admissible price interval.
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Table A.1: Data on groups of PSE stocks included in the sample
This table presents group statistics of the data on stocks included for estimation. Book value is measured
in thousands of CZK.

Prob. of nontrading Book value Average price # of obs.
$��)LUVW�GHFLOH
��0HDQ 7.31% 2320094 1045.64 596
��0HGLDQ ����� ������� ������ ���
��6WG��GHY� 2.56% 2852227 1201.57 96
%��6HFRQG�GHFLOH
��0HDQ 22.37% 528341 479.04 541
��0HGLDQ ������ ������ ������ ���
��6WG��GHY� 5.73% 305027 603.04 112
&��7KLUG�GHFLOH
��0HDQ 41.03% 343051 364.92 550
��0HGLDQ ������ ������ ������ ���
��6WG��GHY� 4.60% 281362 400.05 112
'��)RXUWK�GHFLOH
��0HDQ 57.32% 183022 290.50 543
��0HGLDQ ������ ������ ������ ���
��6WG��GHY� 3.05% 157732 262.28 111
(��)LIWK�GHFLOH
��0HDQ 67.06% 116531 205.36 548
��0HGLDQ ������ ������ ������ ���
��6WG��GHY� 2.28% 91529 166.04 114

Table A.2: Parameter estimates for the middle-nontrading group C
This table presents the estimates of the parameters of the model for each stock included in the middle-
nontrading group C of the sample. BIC stands for Bohemian Identification Code, an official tag used by
the PSE authorities for a given firm. PIT gives the probability of informed trading as derived from the
other parameters: ε, arrival rate of uninformed traders, µ, arrival rate of informed traders, and α,
probability of an information event. δ gives the probability of a bad signal; γE (γN) the probability that
there will be trade, conditional on an information event occurring (not occurring). Values of t-statistics
are given in parentheses below the parameter estimates. A maximum likelihood estimation was performed
using the ML procedure of TSP package. “-” marks the cases where the estimation algorithm failed to
provide estimates of standard errors.

%,& 3,7���� ε µ α���� δ���� γ(���� γ1����
*URXS�&��7KLUG�QRQWUDGLQJ�GHFLOH�VWRFNV
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������ �������� ������� ������ ������ ������� �������

%$$$9,$% ���� ������ ������ ����� ����� ����� �����
������ �������� ������� ������ ������ ������ �������

%$$3(*$ ���� ������ ����� ����� ���� ����� �����
������ �������� ������ ������ � ������ ������

%$$)$6$' ���� ������ ����� ����� ���� ����� �����
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������ �������� ������� ������ ������ ������� �������

%$$2'.2/ ���� ������ ����� ����� ����� ����� �����
������ �������� ������� ������ ������ ������ ������

%$$81&8. ���� ������� ����� ����� ���� ����� �����
������ � ������ ������ ������ ������ ������

%$$75,2' ���� ������� ����� ����� ���� ����� �����
������ ��������� ������� ������ ������ ������ �������
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%,& 3,7���� ε µ α���� δ���� γ(���� γ1����
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