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Abstract

Anonymous trading is the norm in today’s financial markets but there are a

few exceptions. We study one such case, the OMX Nordic Exchanges (Stockholm,

Helsinki, Copenhagen, and Reykjavik) that have traditionally been more transpar-

ent than most other equity markets. On June 2, 2008 OMX Nordic switched to

making post-trade reporting anonymous for some of their markets. We exploit this

quasi–natural experiment to investigate the impact this change had on liquidity

and trading behavior. We apply propensity score matching techniques and docu-

ment a statistically and economically significant decline of 50 basis points in quoted

spreads for the anonymously traded stocks. The quoted spreads widened overall

in the summer of 2008, but, they widened significantly less (approximately -20%

less) for the stocks that were part of the switch to post trade anonymity. That

difference was particularly strong for large firms and firms with less concentrated

trading.
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1. Introduction

Is liquidity better when the counter-party is unknown (anonymous) or known (transpar-

ent)? Post-trade anonymity was implemented by the OMX Nordic Exchange in Helsinki,

Reykjavik, and Stockholm on June 2, 2008. The switch to anonymity applied to all

equity-related markets in Helsinki, Reykjavik and the five most traded stocks in Stock-

holm. Under the new post-trade anonymous regime the broker identity was removed from

all market data feeds. It was, however, available in real time bilaterally to the parties

of the trade and to all market participants after the close of each trading day. Stocks in

Stockholm, except for the five most traded ones, and all stocks in Copenhagen continued

to trade with broker identities for each trade being part of the real time market feed. The

implementation of the change therefore created a quasi-natural experiment with stocks

in Helsinki, Reykjavik and the top five in Stockholm forming the treatment group that

became anonymous and the remaining ones in Stockholm and all those in Copenhagen

forming the control group that remained transparent.1

We find that those stocks that became anonymous, relative to the control group that

did not, experienced a tightening of the quoted spread of approximatley 50 basis points.

The change is economically and statistically significant. Relative to an average quoted

spread of around 220 basis points for all stocks we document an average tightening of

around 50 basis points of the quoted spread. The tightening of the quoted spread occurs

across the market capitalization size categories with changes of -51 b.p., -36 b.p., and

-56 b.p. for the smallest, the middle, and the largest size terciles respectively. The

documented changes in the quoted spread reflect primarily that spreads widened during

1There are in fact a few stocks that experienced a ‘true natural experiment.’ The shares of Nordea,
Tieto and Stora Enso are traded in parallel in Stockholm and Helsinki, and in the case of Nordea, in
Copenhagen as well. For these companies trading became anonymous in at least one market but stayed
transparent in at least one of them due to one being traded in Stockholm (outside the top five) and one
in Copenhagen where all stayed transparent.
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our sample period but did so significantly less for the stocks that became anonymously

traded.

The natural follow-up questions concern why a change in transparency should matter

for liquidity. Why would investors not change their behavior so that any information in

broker id codes endogenously become worthless? Previous research, for example, Lin-

nainmaa and Saar (2012), document that there is information in the counter-party broker

codes, perhaps because it is not economically attractive for investors to split and ran-

domize their order submissions sufficiently to make the information in the counter-party

broker codes worthless. On the other hand, one argument that is often made is that

under an anonymous regime one might expect greater market participation. We docu-

ment a significant increase in the number of unique brokers that participate in trading

a given stock and the strength of that effect largely matches the quoted spread changes.

Specifically, we observe the strongest effect in the largest third of the stocks. Viewed

from a different perspective the number of unique brokers active in different stocks offer

one way to understand our findings. Specifically, stocks in the smallest market capital-

ization tercile are traded by an average of 3 to 4 unique brokers on a typical day. That

average increases to between 5 to 7 as we move to medium capitalization stocks and

to 20 to 22 for the large capitalization stocks. Other observers have argued that the

issue of transparent versus anonymous trading ought to have a greater impact for stocks

with more concentrated trading. We find statistically and economically significant results

that contradicts this notion. The relationship we document between trading concentra-

tion and the change in the quoted spread is not monotonic across market capitalization

tercile. However, the most stocks with the most concentrated trading exhibit the small-

est difference-in-difference, -1 basis point, compared with -56 basis points for the stocks

with the least concentrated trading. The greatest improvement in liquidity occurs for

the largest stocks with the least concentrated trading.
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In the existing literature a number of studies have investigated these types of changes

but to our knowledge most changes have not had a natural control group. The common

direction for changes has been to remove the broker identities, i.e., to switch to some form

of post-trade anonymity in trade reporting. The introduction of post-trade anonymity

has often been a natural consequence of the introduction of Central Counterparty (CCP)

clearing systems to replace bilateral clearing. However, the introduction of CCP on the

NASDAQ OMX markets took place in 2009, a little more than a year after the post-trade

anonymity experiment we study and would have applied to all stocks at once.

Studies by Hachmeister and Schiereck (2010) and Marsden et al. (2011) investigate

the removal of broker identities on the German and New Zealand exchanges for 30 and

41 stocks, respectively. Hachmeister and Schiereck (2010) find significant improvements

in liquidity while Marsden et al. (2011) find more modest gains and initially finds spreads

widening after the event. Both of these studies examine an event but do not have a control

group. Friedrich and Payne (March 2014) study the switch to anonymity on the London

SETS market and document liquidity improvements for a larger sample. Friedrich and

Payne (March 2014) differs from the first two studies in that they do use a control sample

and apply difference-in-difference regression techniques, but their control sample is from

a different market (SEAQ versus SETS). Another difference between the change studied

by Friedrich and Payne (March 2014) and the one studied by Hachmeister and Schiereck

(2010) and Marsden et al. (2011) is that the change in Friedrich and Payne (March

2014) involves going from a bilateral exchange of counter party information to complete

anonymity. That change, albeit also in the direction of increased anonymity, is different

than the one we study in that in our case the change is from complete transparency to

bilateral exchange of the counter party information. We are, to our knowledge, the first

to study this type of change in a quasi-natural experimental setting.

Electronic markets often started out more transparent than they are today. For some
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markets the transition towards greater anonymity involved an earlier step in which the

order book became anonymous, i.e., the broker identities associated with the limit orders

in the order book were removed. This is true as well for the NASDAQ OMX Nordic’s

exchanges but that change took place many years ago. Foucault et al. (2007) examine the

switch to pre-trade anonymity at the Paris Bourse and report improvements in liquidity.

Related studies by Comerton-Forde and Tang (2009), Frino et al. (2010), and Comerton-

Forde et al. (2005) examine the effects of changes in the transparency of different markets

with respect to the anonymity dimension of transparency but without a natural control

sample.

A different strand of the literature asks whether displaying broker identities helps

facilitate tacit collusion. In this case anonymity would make the market more compet-

itive hence improving liquidity. Simaan et al. (2003) document that market makers are

more likely to quote on odd ticks and to narrow the inside spread when they can do so

anonymously on a different platform.2

The theoretical literature is split on the issue of anonymity. Fishman and Hagerty

(1995) show that disclosure of insider traders will create a new source of profitable trad-

ing opportunities for the insider because the market does not know whether they were

trading on information or not. Huddart et al. (2001) extends Kyle (1985) to incorpo-

rate the insider disclosing their trades after the fact, i.e., post-trade transparency versus

anonymity. They find that price discovery is accelerated and insider profits reduced

and hence spreads are narrower under transparency. Rindi (2008) uses a Grossman and

Stiglitz (1980) framework and shows that liquidity can be enhance or impaired under

anonymity depending on whether the information acquisition is exogenous or endoge-

nous, but her focus is on pre-trade transparency. Foucault et al. (2007) examine pre-trade

2Other studies examine situations where the markets are parallel as in Grammig et al. (2001) and
Comerton-Forde et al. (2011) or study markets where the disclosure of broker identities is periodic (twice
a day disclosure of the top brokers buying and selling) as in Pham et al. (2014) and Pham (2014).
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anonymity, introduce informed trading on volatility signals and find that anonymity is

associated with improved liquidity. In their discussion of market transparency Pagano

and Röell (2013) point out that post-trade anonymity generates higher rents for informed

traders. They point out that rent seeking and lobbying may tilt the market structure to

favor some players over others. Pagano and Röell (2013) also highlight that one cannot

rely on competition between markets to correct possible problems. Overall, the theoret-

ical work on this question does not point to a clear prediction for liquidity changes for

the kind of change we examine.

Related questions are how and why post-trade anonymity matters. The natural start-

ing point is to ask whether the broker identities contain useful information in predicting

short term order flow and price movements. Frino et al. (2010) and Lepone et al. (2012)

examine the information content of broker identities and find that the market attributes

greater information content to successive unidirectional trades by a single broker rather

than by different brokers. Menkhoff and Schmeling (2010) report similar findings for the

foreign exchange market. Linnainmaa and Saar (2012) combine data on the identities of

individual investors with order flow data and find that while individual investors can and

do follow mixed strategies to some extent, the broker identities are still predictive signals.

Based on this strand of the literature one would predict an improvement in liquidity for

the treatment group of stocks that become anonymously traded.

Our results, while clearly supporting the notion of anonymity being associated with

enhanced liquidity, are less obvious to interpret when it comes to the drivers of the

change. The fact that we observe greater (in a relative sense) changes for larger stocks

and separately that we observe greater changes for the stocks with less concentrated

trading appears to be more in line with the imperfect competition arguments of Simaan

et al. (2003).

In the next section we present the institutional setting and our sample. In section
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3 we present the propensity score matching methodology that we use. In section 4 we

present our results and section 5 concludes.

2. Institutional Setting and Our Sample

2.1. Institutional Setting

On June 2, 2008, OMX Nordic Exchange started post-trade anonymous trading in

some of its markets. The Helsinki and the Reykjavik exchanges implemented anonymity

across all equity-related markets. The broker identity was removed from the market

data feed and SAXESS trade ticker. In Stockholm, the change was limited to the five

most actively traded stocks; these were Ericsson B, Volvo B, Telia Sonera, Nordea, and

H&M B. These five stocks represented roughly 33% of total turnover in Stockholm based

on turnover figures from the previous year. The counter party information continued

to be available bilaterally to trade counter parties in real time. For the rest of the

market participants information about all trades and trade counter parties was to be

transmitted to all members as of 18:00 hours every day. There was no change to post-

trade transparency on the Copenhagen exchange or the Stockholm exchange with the

exception of the five most active stocks listed above.

The motivation for the changes given by the exchange management was that anony-

mous trading was believed to lower trading costs, reduce market impact, and increase

competitiveness. Some proponents of the change cited the increased used of algorithms

that are used to spot patterns in trading. It is worth noting, however, that this takes

place largely before the broad use of more sophisticated algorithms takes off. Those who

objected to the change often cited counter-party search costs and execution control. An-

other argument given for transparency was that it leveled the playing field for smaller

participants: larger members could already observe a representative sample of the mem-
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bers interested in trading a certain stock from their own order flow, but the disclosure of

broker identities behind trades was particularly helpful for smaller members.

Coincidentally there was a membership vote that was close and explains how the

quasi-natural experiment came to be. The vote split so that local members based in

the Nordic countries were mostly against and international members represented by the

Investment Management Association in London were mostly in favor of the proposal.

The relative balance between these two groups explains where the change was imple-

mented. The London based member firms have a bigger market share in both Helsinki

and Reykjavik, whereas the local members have a bigger market share in Stockholm and

even more so in Copenhagen.

The implementation meant that the real time information on counter parties to trade

was removed from the market feed. Counter-parties to each members’ own trades were

available in real time so trading remained transparent in a bilateral sense. Trade by trade

counter-party information was to be published end of trading day (multilateral).3

2.2. Our Sample

Data on trades and the limit order book state is provided by OMX market research.

Our sample consists of observations on 688 equities in Copenhagen, Helsinki, Stockholm

and Reykjavik from March 3, 2008 to September 26, 20084.

On June 2, 2008 all equities that trade in Helsinki and Reykjavik as well as five

equities that trade in Stockholm became post-trade anonymous, accounting for 175 firms

in our sample. The remaining equities in Stockholm and all those in Copenhagen did

3The switch to post-trade anonymity was later reversed. In April 2009, the change was largely rolled
back and that reflected a power shift from the members representing international clients to members
representing local clients. We are in the process of acquiring data for that second period (2009) to study
the shift back to a more transparent regime. Subsequent changes involve making it a choice to display
or not display your member abbreviation. This latest iteration was implemented during 2014.

4Due to a data collection omission, we are missing order book data from July 14, 2008 to July 18,
2008. The omission is technical and unrelated to market dynamics and should not bias our findings in
any way.
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not become post-trade anonymous, accounting for the remaining 513 firms. Not all firms

have trades over our entire sample period; the average number of firms per day is 653.

To exclude any confounding effects due to the introduction of anonymity, we exclude

observations in a two-week window from May 25, 2008 to June 9, 2008 surrounding the

event date. This leaves a total of 112 trading days: 54 days before the event and 58 days

after the event.

Historical daily foreign exchange rates were obtained from the European Central

Bank5 and merged with the OMX data. These rates are used to convert prices in Swedish

Krona, Icelandic Krona and Danish Krone to Euro. Daily Euro volume for each firm is

computed by summing the daily Euro value of all trades.

The inside bid-ask midpoint is computed for each firm every 15 minutes and these are

used to construct the daily return standard deviation. Prices for each firm are sampled

every 15 minutes, shares outstanding are obtained from Nasdaq OMX6. Shares outstand-

ing is multiplied by the firm’s average daily price to compute the firm’s market value of

equity in Euro.

Table 1 reports the breakdown of member firms in groups according to which of the

Nordic exchanges they belong to. For example, the HCS label refers to members of the

Helsinki, Copenhagen, and Stockholm, exchanges and there are a total of 36 member

firms in this group. Their market share based on turnover for the January-September

2008 period was just over 50% and their market share based on the number of trades was

around 56%. A total of 11 members belong to all four exchanges, Helsinki, Stockholm,

Copenhagen, and Reykjavik, and they account for 26% of turnover and 22% of the number

of trades. The third largest market share group are the 15 firms that are members of

Helsinki and Stockholm accounting for 15% of turnover and 23% of trades. Together

5https://www.ecb.europa.eu/stats/exchange/eurofxref/html/index.en.html
6http://www.nasdaqomx.com/transactions/markets/nordic/statistics
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these 52 firms account for the bulk of the trading activity across the four markets. While

the smaller sub-groups of firms that do not belong to HCS, HCSR or HS do not account

for much of of the total turnover and number of trades they account for a bit more in

terms of the local exchange turnover and trade figures. As one would expect member

firms who are based on London primarily show up in the first three groups. A high degree

of integration of the markets in this respect helps our difference-in-difference approach

because it is more likely we observe similar responses to similar changes when we have a

large overlap in membership.

3. Methodology

A natural way to investigate the impact of anonymity would be a difference-in-difference

approach: Examine the difference in spreads between firms that became anonymous and

those that did not, both before and after the date that anonymous trading took effect. Of

course, spreads may also depend on such factors as firm size, trading volume and return

volatility. To control for these other factors one could regress spread on a treatment

dummy interacted with a time dummy to estimate the difference-in-difference and use

size, volume and return volatility as control variables.7 However, we are still left with

a problem; while we have a natural experiment, the propensity of a firm being assigned

to the treatment group rather than the control group is not necessarily random. If, for

example, large firms have a higher propensity to be in the treatment group and spreads

are correlated with firm size, then the difference in sample means will not represent the

average treatment effect. Figure 1 is a scatter-plot of the average daily spread in basis

points vs. the log of the average daily firm size, with both averages computed using

the before-event sub-sample. As one would expect, the plot shows that smaller firms

7One has to be careful to estimate correct standard errors, see ? for a discussion and correction to
compute correct standard errors.
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have higher spreads, but the relationship is not linear so using log of the market value of

equity as a control variable in a linear regression is not a perfect solution to control for

the effect of firm size on spreads. More worrisome, however, is the fact that anonymity

is not randomly assigned across firms. One aspect that contributes to this is that all

firms in Finland and the top five stocks in Sweden switched to anonymity whereas none

of the Danish stocks switched. Not surprisingly the sample of control firms is shifted

a bit more toward smaller firms. Firms that became anonymous (shown in the plot as

circles) tend to have larger size and smaller spreads. In contrast, firms that did not

become anonymous (shown in the plot as crosses) tend to be smaller and have higher

spreads. Running a t-test on difference in means could lead to false conclusions since

spreads depend on firm size and firm size is correlated with the propensity of a firm to

be in the treatment group.

3.1. Propensity score matching

To solve these problems we employ propensity score matching (PSM) to match a

control firm to each treatment firm. See ? for a good overview. The observation that

a firm is in the control or treatment group (0 or 1) is logistically regressed on three

control variates: the log of firm size, the log of daily trading volume and return volatility.

The three control variates are the average the daily values for each firm over the 52

days before anonymous trading was put in place. The fitted values from this logistic

regression are the propensity scores that are used to match each treatment firm with

a control firm. For the 175 treatment firms in our sample we were able to match 167

of them based on propensity scores and the firms are matched quite closely. A sample

match is shown in table 2. We see that firm size, volume and return volatility are all

fairly closely matched given the wide variation for these values shown in table 3. For

example, while a difference of market value of equity of 811 - 695 = 116 million Euro
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seems large, the standard deviation of firm size for the full sample is 5,133 million Euro.

Another way to look at the closeness of the match is to examine the average difference

in propensity scores between treatment and control firms. For the 167 matched firms, this

average difference between the propensity scores is 0.0003 with a standard deviation of

0.0046. Compared to the standard deviation of the propensity scores of all the treatment

firms of 0.0642 (the blue line figure 2), the standard deviation of the difference in scores

is 14 times as small and the standard deviation of the scores themselves (0.0642/0.0046).

Several assumptions have to be met in order to draw correct inferences using PSM.

First, the spreads of firms should be independent of each other; however in our sample

this may not necessarily be true. For example, if on a certain day there was news

that increased market uncertainty, spreads on the equities of all firms that day may be

affected in a correlated fashion. As a check we estimate a regression using clustered

standard errors to make certain our results are robust to this assumption. Second, we

have to have conditional independence; that is that after accounting for our control

variables of size, trading volume and return volatility, potential outcomes (a decrease

in spread for example) would be the same for observations in the treatment group as

the control group if the firms in the treatment group did not trade anonymously. Size,

trading volume and return volatility should capture any variation in spreads not due

to anonymous trading. Also, we will be using PSM in conjunction with a difference-in-

difference approach. As long as spreads are affected by an omitted variable in the same

fashion before and after anonymous trading takes place, it will not bias our results since

we are comparing the difference in spreads between treatment and control firms both

before and after anonymous trading takes place. Last, the probability densities of the

propensity scores have to overlap. In other words, for each firm in out treatment sample,

there should be a high likelihood that we will be able to find a closely-matched firm from

the control sample. The propensity scores densities are shown in figure 2. Most of the
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mass for both the treatment and control samples lies between propensity scores of 0.7 and

0.8, ensuring a high probability of being able to find a close match. Also, as discussed

above, the mean difference between the scores of the 167 treatment and control firms

is 0.0003, which is small relative to the standard deviation of the sample of propensity

scores.

4. Results

In this section we present our results. The section is divided into a section that focuses

on liquidity (4.1) and contains subsections focuses on the quoted spread and on the price

impact of trades. A second section (4.2) focuses on trading behavior and contains a

subsection on market participation and one on the concentration of trading.

4.1. Liquidity

4.1.1. Quoted Bid Ask Spreads

Average quoted bid-ask spreads are computed for all firms on all days by computing

the spread every 15 minutes throughout the trading day and averaging for each firm-

day. Table 3 reports the means, median, and standard deviation for the main variables

across all firms, and for samples split across the terciles based on market capitalization.

The unconditional mean (median) spread for all firm days in the entire sample is 295

(155) basis points. The large average spread is high due to the large spread for firms

with small market capitalization; the average spread for the firms in the largest market

capitalization tercile is 94 basis points (48 b.p.) whereas it is 268 b.p. (172 b.p.) for

the middle tercile; and 545 b.p. (155 b.p.) for the smallest tercile of all firms. The

second and third row in each subpanel of Table 3 reports the averages, medians, and

standard deviations for the treatment (trt) and control (ctl) samples for all stocks and
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for small, middle, and the highest market capitalization sub-groups. Below the spread

figures we report the corresponding statistics for market value of equity (mve), trading

volume (vol) and the return volatility (rvol). Table 4 reports the correlations between

our control variables, and, as one would expect larger firms with higher trading volume

have lower bid-ask spreads.

We apply propensity score matching with market value of equity, trading volume

and the return volatility as the variables we match on. Table 5 contains the mean

spread before and after the event date for those firms that became anonymous on June

2, 2008 (the treatment group) and those firms that did not become anonymous (the

control group). Table 5 reports the mean quoted spreads for all firms, and for the market

capitalization terciles (lowest, middlea, and highest). The before and after figures are

reported for the treatment and for the control samples. The difference and difference-in-

difference are report in the bottom row and rightmost column, respectively. The bottom

right corner of each sub-panel reports the t-statistic.

The difference-in-difference is consistently negative, around -50 basis points on average

for small, medium and large firms, indicating a tighter quoted spread for those firms whose

trading became anonymous. What is happening is that the average quoted spreads widen

over this time period and they widened less for the treatment firms and hence we record

the tighter spreads results, although the absolute average spreads did not tighten for

the treatment stocks. This implies that if one looked only at the treated sample one

would incorrectly conclude that post trade anonymity did not enhance liquidity. Our

approach of propensity-score matching coupled with difference-in-difference overcomes

this methodological problem.

One concern with this sample period is that the onset of the financial crisis would

impact the results even though the quasi-natural experiment setting should take care

of that concern. To explore if there is something going on that is due to September
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2008 we re-do the analysis without March and September 2008; we drop observations for

September to avoid any influence from the crisis and also drop observations for March

2008 for the sake of symmetry. Table 6 reports the results for a sample that excludes

March and September 2008. The results are not identical but the change is rather small

so the results are not driven by the full blown onset of the financial crisis in September

2008. Somewhat surprisingly the average difference-in-difference estimates are actually

more negative, bigger drops in the spread, for the period April to August 2008.

In Table 7 we report the average quoted spreads before and after the switch to

anonymity for a small sub-sample of stocks. The treatment firms and the corresponding

control firms are listed together with the average quoted spreads in basis points before

and after and the propensity scores. The names of the firms and their respective home

countries are listed as well. For the sub-sample quoted spreads increase on average for

both the treatment and control groups but they increase more for the control group in

line with our general results reported above.

4.1.2. Price Impact

To compute the price impact of a trade, we only use trades that occur after 10:00

AM and before 4:25 PM and we drop any quotes that have a bid or ask price less than or

equal to zero or that have bid-ask spread greater that 50% of the quote midpoint. Each

trade is matched with the midpoint of the immediately preceding quote, mt. The trade

is also matched with the midpoint of the next quote that is at least five minutes after

the trade occurs, mt+5, and the price impact for that particular trade is computed as the

percentage change of quote midpoints, (mt+5 −mt)/mt. If no quote can be found within

30 minutes of a trade then the trade is not used for computing price impact.

Large trades, defined as those above the median trade size for firm i on day t are

separated from small trades, defined as those that are below the median for that firm-
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day. Also trades that are buyer-initiated (occur at the ask) are separated from those

that are seller-initiated (occur at the bid). This results in four categories of trades, large

buys (LB), small buys (SB), large sells (LS), and small sells (SS) whose price impacts

are averaged for each firm on each day.

Panel A of Table 8 reports the average price impact for the treatment and control

sample broken down by time (before and after), buys versus sells, and size (large versus

small. The difference between difference figures are reported in the rightmost panel of

panel A. The difference-in-difference is not significant for all firms expect for the case of

large sells where there is evidence of a reduction in the price impact by 6.6 basis points.

The sample split along the market capitalization displays three significant changes out

of twelve averages. Hence overall there is not much evidence that the price impact has

changed.

To summarize we find that the quoted spread decreases in an economically and statis-

tically significant fashion across firms of different size. The price impact which measures

the asymmetric information content of trades despite some significant changes displays

no corresponding systematic pattern of change. This would seem to point toward a non-

asymmetric information driver of the observed change. Next we turn to examine some

aspects of trading behavior that could shed some more light on this.

4.2. Trading Behavior

In this section we examine two measures of the behavior of traders. We first study

market participation and then we examine the concentration of trading.

4.2.1. Market Participation

Table 9 reports the average number of unique brokers active in a given stocks over the

pre- and post-change to anonymity period with separate figures for buyers and sellers.

Results are shown for all stocks and for size terciles. Results for each of the size terciles
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are reported in panels B to D. As one would expect, larger firms have a larger number of

brokers trading that firm’s shares. The change in the number of unique brokers go in the

same direction, less participation, for both treatment and control stocks in the first two

terciles, lowest and middle market capitalization. The significant difference-in-difference

estimate for all stocks is driven by the largest size tercile where the treatment firms

experience a small increase in participation whereas the participation decreases in the

control group. Overall that generates a difference-in-difference estimate that anonymity

induced the participation of one additional broker, statistically significant at the 5% level.

The results for market participation show a similar pattern in our results for the quoted

spread that the general trend is either flat or down but we observe a significantly less

strong trend downwards for the treatment firms.

4.2.2. Concentration of Trading

Concentration of trading or concentration of order flow may matter to the extent

that opportunistic traders use that information in a fashion that make other traders less

willing to participate. To understand this issue, we construct a Herfindahl index based

on trade volume. The daily shares bought (sold) in a firm by each broker are divided

by the daily total number of shares bought (sold) in that firm. The sum of squares of

this fraction across all N brokers trading a firm’s shares represents a Herfindahl index of

trading activity ranging from 1/N (each broker trades an equal volume of shares) to 1.0

(one broker has all the volume and the others have zero).

Table 10 contains the average spreads before and after the introduction of post-trade

anonymity for the treatment and control samples sorted by Herfindahl index quintiles.

The top panel shows the quoted spreads before and after trading became anonymous

for the treatment and control group for the stocks with the lowest Herfindahl trade-

concentration index value. For this least concentrated group we report a difference-in-
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difference value of -56 basis points with a t-statistic of 4.21. The next two quintiles

report even bigger drops of -86 and -69. The fourth and fifth quintiles show statistically

insignificant difference-in-difference estimates of -20 and -1 basis points. These results

suggest that concentration of trading is associated with significantly smaller decreases in

the quoted spreads. This finding is not consistent with the idea that more concentrated

firms’ order flow and trading is more sensitive to the level of transparency. We find strong

evidence that it the least concentrated firms that experience the biggest improvement in

liquidity. If our findings are not explained by various asymmetric information arguments

could they be consistent with an imperfect competition argument as in Simaan et al.

(2003)? It is tempting to say yes given that the results are stronger for the larger stocks

with more active brokers but one caveat about that interpretation is that larger stocks

have smaller spreads to start with. Perhaps this peculiar situation reflects the market

dynamics of 2008 after all since we do not see the the spreads of the treatment firms

narrow much in an absolute sense, they simply do no widen as much as the spreads of

the control firms.

5. Conclusion

We investigate the effects of introducing post-trade anonymity in a market that was

previously post-trade transparent. Our sample comes from the NASDAQ OMX Nordic

Exchange which introduced post-trade anonymity for some of its markets in June 2008.

We exploit this quasi-natural experimental setting to make inferences using difference-

in-difference between a treatment and control sample that we create using propensity

score matching techniques. We report a statistically and economically significant drop of

approximately 50 basis points for the full sample of stocks. Similar absolute declines are

documented across all market capitalization terciles. In a relative sense the change is the
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most dramatic for the largest firms. It is worth pointing out that this is an interesting

period in that spreads generally increase; the fact that they systematically increase less

for stocks that shift to post-trade anonymity is driving our findings. We confirm this is

robust to excluding the months of September and March 2008. We also document that the

change is inversely correlated with the concentration of trading. The change is the biggest

both in absolute and in relative terms for the firms that exhibit the least concentration in

trading and the change is the smallest for stocks that exhibit the greatest concentration

in trading. This pattern is consistent with the switch to anonymity mattering more for

securities that are held by large institutional investors.

18



References

Comerton-Forde, Carole, Alex Frino, and Vito Mollica, 2005, The impact of limit order
anonymiy on liquidity: Evidence from paris, tokyo, and korea, Journal of Economics

and Bussiness 57, 528–540.

Comerton-Forde, Carole, Talis J. Putnis, and Kar Mei Tang, 2011, Why do traders choose
to trade anonymously?, Journal of Financial and Quantitative Analysis 46, 1025–1049.

Comerton-Forde, Carole, and Kar Mei Tang, 2009, Anonymity, liquidity and fragmenta-
tion, Journal of Financial Markets 12, 337–367.

Fishman, Michael, and Kethleen Hagerty, 1995, The mandatory disclosure of trades and
liquidity, Review of Financial Studies 8, 636–676.

Foucault, Thierry, Sophie Moinas, and Erik Theissen, 2007, Does anonymity matter in
electronic limit order markets?, Review of Financial Studies 20, 1707–1747.

Friedrich, Sylvain, and Richard Payne, March 2014, Trading anonymity and order antic-
ipation, Unpublished Manuscript .

Frino, Alex, David Johnstone, and Hui Zhang, 2010, Anonymity, stealth trading, and the
information content of broker identity, The Financial Review 45, 501–522.

Grammig, Joachim, Dirk Schiereck, and Erik Theissen, 2001, Knowing me, knowing
you: Trader anonymity and informed trading in parallel markets, Journal of Financial
Markets 4, 385–412.

Grossman, Sanford, and Joseph Stiglitz, 1980, On the impossibility of informationally
efficient markets, American Economic Review 70, 393–408.

Hachmeister, Alexandra, and Dirk Schiereck, 2010, Dancing in the dark: Post-trade
anonymity, liquidity and informed trading, Review of Quantitative Finance and Ac-

counting 34, 145–177.

Huddart, Steven, John S. Hughes, and Carolyn B. Levine, 2001, Public disclosure and
dissimulation of insider trades, Econometrica 69, 665–681.

Kyle, Albert, 1985, Continuous auctions and insider trading, Econometrica 53, 1315–
1335.

Lepone, A., Reuben Segara, and Brad Wong, 2012, Does broker anonymity hide informed
traders?, in J. Jay Choi, and Heibatollah Sami, eds., Transparency and Governance in

a Global World , 287–217 (Emerald, Bingley, U.K.).

Linnainmaa, Juhani, and Gideon Saar, 2012, Lack of anonymity and the inference from
order flow, Review of Financial Studies 25, 1414–1456.

19



Marsden, Aistair, Russell Poskitt, and Jingfei Shen, 2011, The impact of the introduction
of broker anonymity on the new zealand exchange, Pacific Accounting Review 23, 34–
51.

Menkhoff, Lukas, and Mail Schmeling, 2010, Trader see, trader do: How do (small) fx
traders react to large counterparties’s trades?, Journal of International Money and

Finance 29, 1263–1302.

Pagano, Thierry Foucault Marco, and Ailsa Röell, 2013, Market Liquidity—Theory, Ev-

idence and Policy , first edition (Oxford University Press, Oxford, NY).

Pham, Thu Phuong, 2014, Broker id transparency and price impact of trades: Evidence
from the korean exchange, International Journal of Managerial Finance , forthcoming.

Pham, Thu Phuong, Peter Swan, and P. Joakim Westerholm, 2014, Shining a spotlight
on counterparty identity in the world’s best-lit market, Unpublished Manuscript .

Rindi, Barbara, 2008, Informed traders as liquidity providers: Anonymity, liquidity and
price formation, Review Finance 12, 1–36.

Simaan, Yusif, Daniel Weaver, and David Whicomb, 2003, Market maker quotation be-
havior and pretrade transparency, Journal of Finance 58, 1247–1267.

20



Nordic Exchange Member Market Shares
Members of Number of Market Share %(turnover EUR) Market Share %(trades)

HCS 36 50.22 56.13
HCSR 11 26.34 22.28
HS 15 15.50 23.50
C 20 3.22 2.90

CSR 2 1.95 1.77
H 2 0.95 1.44
CS 6 0.87 1.28
CR 3 0.43 0.08
S 17 0.37 0.59
R 10 0.11 0.02

HSR 2 0.05 0.01
Sum 124 100.0 100

Table 1: The table reports the breakdown of members of the different Nordic Exchanges by
groups according to whether the group members are members of all four exchanges (HCSR,
Helsinki=H, Copenhagen=C, Stockholm=S, and Reykjavik=R) or some combination thereof,
the number of group members as of September 2008, the aggregate market share of group based
on turnover (EUR) or number of trades.

21



Treatment Control
Firm identifier IS0000000289 DK0010006329
Market value, Euro 695,000,000 811,000,000
Daily volume, Euro 3,740,000 5,430,000
Daily return volatility, % 1.091 0.750
Propensity Score 0.7526783 0.7527294

Table 2: An example propensity score match.
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Panel A: Number of firms in sample sorted by market value of equity (MVE) terciles
Lowest MVE Middle MVE Highest MVE

All firms tercile tercile tercile
N - all 688 228 228 232
N - trt 175 56 52 67
N - ctl 513 172 176 165

Panel B: Descriptive statistics of spreads and control variables by market value of equity (MVE) terciles
Lowest MVE Middle MVE Highest MVE

All firms tercile tercile tercile
Mean Med σ Mean Med σ Mean Med σ Mean Med σ

s - all 295 155 481 545 331 690 268 172 326 94 48 177
s - trt 256 129 373 538 355 496 232 151 282 69 33 121
s - ctl 309 164 512 547 319 739 278 180 337 105 53 195
mve - all 1,322 134 5,133 29 27 19 148 124 81 3,617 1,042 8,206
mve - trt 2,395 165 7,816 28 24 19 151 134 74 5,852 1,161 11,525
mve - ctl 953 123 3,727 29 28 19 148 123 83 2,692 990 6,109
vol - all 7,979 83 44,005 37 9 166 240 47 943 19,651 2,904 67,796
vol - trt 14,152 91 60,921 24 5 93 153 35 520 31,179 4,589 87,632
vol - ctl 5,781 80 35,861 40 11 182 269 53 1,043 14,808 2,439 56,764
rvol - all 683 54 4,543 141 71 267 97 55 159 1,685 46 7,457
rvol - trt 1,512 38 7,013 67 39 112 48 34 79 3,599 40 10,599
rvol - ctl 396 62 3,235 164 86 296 112 65 174 893 49 5,479

Table 3: Means, medians and standard deviations (σ) for firm-day observations for the full
sample and the sample sorted by market value of equity (MVE) terciles. Statistics are shown
for spreads (s), market value of equity in millions of Euro (mve), daily trading volume in
thousands of euro (vol), and daily return volatility is basis points (rvol). Within each MVE
tercile, sub-samples are shown for those firms that became anonymous on June 2, 2008 (the
treatment group, trt) and those firms that did not become anonymous (the control group, ctl).
There are 228 unique firms in each tercile, but 232 firms in the highest MVE tercile since 5
firms are cross-listed and thus appear in both the treatment and the control groups.

23



Spread Log Market Return Volume
Value Equity Volatility

s m σ v
Spread (s) 1.0000
Log Market Value Equity (m) -0.4735 1.0000
Return Volatility (σ) -0.0592 0.2676 1.0000
Volume (v) -0.1162 0.3778 0.4467 1.0000

Table 4: Correlations between the spread and control variables.
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Panel A: Spread in basis points for all firms
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 224 210 14
After (a) 276 312 -36

Difference (a - b) 52 102 -50∗∗∗

N = 8,434 N = 8,646 t-stat = -6.51

Panel B: Spread in basis points for lowest market cap tercile, MVE = 29 million Euro
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 469 237 232
After (a) 564 384 180

Difference (a - b) 96 147 -51∗∗∗

N = 2,424 N = 2,408 t-stat = -3.06

Panel C: Spread in basis points for middle market cap tercile, MVE = 148 million Euro
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 193 251 -58
After (a) 273 367 -94

Difference (a - b) 80 116 -36∗∗

N = 2,656 N = 2,899 t-stat = -2.52

Panel D: Spread in basis points for highest market cap tercile, MVE = 3,620 million Euro
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 71 157 -86
After (a) 71 213 -141

Difference (a - b) 0 56 -56∗∗∗

N = 3,354 N = 3,339 t-stat = -6.68

Table 5: Average daily quoted spread in basis points, sampled at 15-minute intervals, for those
firms that became anonymous on June 2, 2008 (the treatment group) and those firms that did
not become anonymous (the control group) before and after the event date. Each treatment
firm is matched with a control firm based on their respective propensity scores. T-statistics
correspond to a difference-in-difference test that the price impact difference between treatment
and control firms is the same before and after anonymity. “***” (“**”) indicates statistical
significance at the 1% (5%) level.
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Panel A: Spread in basis points for all firms
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 218 203 15
After (a) 276 323 -47

Difference (a - b) 59 121 -62∗∗∗

N = 5,706 N = 5,688 t-stat = -6.30

Panel B: Spread in basis points for lowest market cap tercile, MVE = 29 million Euro
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 459 227 232
After (a) 568 399 169

Difference (a - b) 109 173 -64∗∗

N = 1,639 N = 1,601 t-stat = -2.91

Panel C: Spread in basis points for middle market cap tercile, MVE = 148 million Euro
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 182 242 -60
After (a) 265 371 -106

Difference (a - b) 83 129 -46∗∗

N = 1,808 N = 1,902 t-stat = -2.59

Panel D: Spread in basis points for highest market cap tercile, MVE = 3,620 million Euro
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 71 154 -83
After (a) 72 226 -154

Difference (a - b) 1 72 -71∗∗∗

N = 2,259 N = 2,185 t-stat = -6.49

Table 6: Average daily quoted spread in basis points, sampled at 15-minute intervals, for those
firms that became anonymous on June 2, 2008 (the treatment group) and those firms that
did not become anonymous (the control group) before and after the event date. Data for the
period 1 April 2008 to 31 August 2008 is used, i.e., we drop March and September 2008. Each
treatment firm is matched with a control firm based on their respective propensity scores. T-
statistics correspond to a difference-in-difference test that the price impact difference between
treatment and control firms is the same before and after anonymity. “***” (“**”) indicates
statistical significance at the 1% (5%) level.
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Company Name Home Country Quoted Spreads (bp) Propensity Score
Treatment Control Treatment Control Treatment Control Treatment Control

After Alfesca JM Iceland Sweden 71.1 60.5 0.7492 0.74931
Before 68.4 42.3
After Elisa Luxor Finland Denmark 19.0 490.3 0.7372 0.7372
Before 14.5 287.8

After Landsbanki Öresund Iceland Sweden 47.6 113.6 0.7225 0.7228
Before 50.6 80.2
After Neste EBH Bank Finland Denmark 15.5 218.7 0.7178 0.7179
Before 13.2 110.0

After Össur Genmab Iceland Denmark 76.8 42.2 0.7398 0.7397
Before 74.9 39.0
After Outotec ALK-Abello Finland Denmark 20.9 56.6 0.7452 0.7453
Before 18.8 73.7
After Rautaruukki SKF Finland Sweden 17.9 136.0 0.7202 0.7199
Before 13.5 77.9
After Sanoma Ratos Finland Sweden 26.2 44.1 0.7171 0.7169
Before 23.8 51.0
After Stockmann Formuepleje Finland Denmark 43.9 162.5 0.7437 0.7439
Before 32.6 126.6
After Vaisala Swedish Finland Sweden 276.6 374.5 0.7380 0.7379
Before Orp. Biov. 169.5 236.2
Average Change in Quoted Spread from Before to After Change 13.6 57.4

Table 7: The table reports, for a sub-sample, the before and after average quoted spreads for
the treatment firms and their matched control firms. The two rightmost columns report the
propensity scores for the firms respectively. The two leftmost columns report the names of the
firms followed by the home countries for the treatment and matched control firms, respectively.
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Panel A: Price impact in basis points for all firms
Anonymous Non-anonymous Difference
(treatment, t) (control, c) (t− c)

LB SB LS SS LB SB LS SS LB SB LS SS
Before (b) 11.7 8.2 -11.0 -8.5 24.1 21.2 -12.2 -15.8 -12.4 -13.0 1.2 7.3
After (a) 14.5 8.6 -11.5 -7.6 23.9 17.7 -19.4 -19.5 -9.4 -9.0 7.8 11.9
(a - b) 2.9 0.4 -0.5 0.9 -0.2 -3.5 -7.1 -3.6 3.1 3.9 6.6* 4.5

t-statistic 1.22 1.44 2.55 1.39
N 4,384 3,649 4,215 3,433 4,384 3,649 4,215 3,433

Panel B: Price impact in basis points for lowest market cap tercile, MVE = 29 million Euro
Anonymous Non-anonymous Difference
(treatment, t) (control, c) (t− c)

LB SB LS SS LB SB LS SS LB SB LS SS
Before (b) 27.1 12.0 -23.2 -16.2 29.0 29.0 -24.2 -14.2 -2.0 -17.0 1.0 -2.1
After (a) 36.6 34.0 -29.7 -11.5 36.5 21.0 -35.9 -41.1 0.1 13.0 6.2 29.6
(a - b) 9.5 22.0 -6.5 4.8 7.5 -8.0 -11.7 -26.9 2.0 30.0** 5.2 31.7*

t-statistic 0.22 2.82 0.52 2.50
N 614 403 624 358 614 403 624 358

Panel C: Price impact in basis points for middle market cap tercile, MVE = 148 million Euro
Anonymous Non-anonymous Difference
(treatment, t) (control, c) (t− c)

LB SB LS SS LB SB LS SS LB SB LS SS
Before (b) 12.7 8.9 -13.1 -9.8 31.1 28.5 -17.7 -31.4 -18.3 -19.6 4.6 21.6
After (a) 22.1 13.1 -15.0 -13.0 37.7 32.5 -30.2 -37.3 -15.6 -19.4 15.2 24.3
(a - b) 9.3 4.3 -1.9 -3.2 6.6 4.0 -12.5 -6.0 2.7 0.2 10.6 2.7

t-statistic 0.43 0.03 1.42 0.24
N 1,273 1,009 1,137 842 1,273 1,009 1,137 842

Panel D: Price impact in basis points for highest market cap tercile, MVE = 3,620 million Euro
Anonymous Non-anonymous Difference
(treatment, t) (control, c) (t− c)

LB SB LS SS LB SB LS SS LB SB LS SS
Before (b) 7.3 7.3 -6.9 -6.8 19.3 16.5 -6.7 -10.3 -12.0 -9.2 -0.3 3.4
After (a) 7.3 4.1 -6.7 -5.4 15.8 12.3 -11.9 -11.1 -8.4 -8.2 5.2 5.7
(a - b) 0.0 -3.2 0.2 1.4 -3.5 -4.2 -5.2 -0.9 3.6 1.0 5.4** 2.3

t-statistic 1.52 0.48 3.09 0.95
N 2,497 2,237 2,454 2,233 2,497 2,237 2,454 2,233

Table 8: Average daily price impact in basis points of buyer and seller initiated trades for those
firms that became anonymous on June 2, 2008 (the treatment group) and those firms that did
not become anonymous (the control group) before and after the event date. Each treatment firm
is matched with a control firm based on their respective propensity scores. “LB” and “SB” refer
to large buys (above the daily median trade size for a firm) and small buys, respectively. “LS”
and “SS” are defined similarly for large and small sells. T-statistics correspond to a difference-
in-difference test that the price impact difference between treatment and control firms is the
same before and after anonymity. “**” (“*”) indicates statistical significance at the 1% (5%)
level. 28



Panel A: Number of unique brokers for all firms
Anonymous Non-anonymous Difference
(treatment, t) (control, c) (t− c)

Number Number Number Number Number Number
Buyer Seller Buyer Seller Buyer Seller

Before (b) 11.63 11.42 12.05 11.74 -0.42 -0.32
After (a) 11.59 11.46 11.42 11.08 0.17 0.37
(a - b) 0.04 -0.03 0.63 0.66 0.59* 0.70**

N = 6,875 N = 6,875 N = 6,875 N = 6,875 t-stat = 2.47 t-stat = 2.93

Panel B: Number of unique brokers for lowest market cap tercile, MVE = 29 million Euro
Anonymous Non-anonymous Difference
(treatment, t) (control, c) (t− c)

Number Number Number Number Number Number
Buyer Seller Buyer Seller Buyer Seller

Before (b) 3.14 2.81 7.33 7.16 -4.20 -4.35
After (a) 2.78 2.50 6.75 6.49 -3.96 -3.98
(a - b) 0.35 0.30 0.59 0.67 0.23 0.37

N = 1,616 N = 1,616 N = 1,616 N = 1,616 t-stat = 0.96 t-stat = 1.56

Panel C: Number of unique brokers for middle market cap tercile, MVE = 148 million Euro
Anonymous Non-anonymous Difference
(treatment, t) (control, c) (t− c)

Number Number Number Number Number Number
Buyer Seller Buyer Seller Buyer Seller

Before (b) 4.96 4.68 9.91 9.61 -4.95 -4.92
After (a) 4.29 4.25 9.38 9.00 -5.09 -4.76
(a - b) 0.67 0.44 0.53 0.60 -0.14 0.17

N = 2,204 N = 2,204 N = 2,204 N = 2,204 t-stat = -0.47 t-stat = 0.57

Panel D: Number of unique brokers for largest market cap tercile, MVE = 3,620 million Euro
Anonymous Non-anonymous Difference
(treatment, t) (control, c) (t− c)

Number Number Number Number Number Number
Buyer Seller Buyer Seller Buyer Seller

Before (b) 20.93 20.84 16.09 15.71 4.84 5.13
After (a) 21.07 20.94 15.13 14.79 5.94 6.15
(a - b) -0.14 -0.10 0.96 0.93 1.10* 1.02*

N = 3,055 N = 3,055 N = 3,055 N = 3,055 t-stat = 2.53 t-stat = 2.39

Table 9: Number of unique brokers: The column “Number Buyer (Seller)” is the number of
unique brokers placing buy (sell) orders for each firm-day. The treatment group are those
firms that became anonymous on June 2, 2008 and the control group are those firms that did
not become anonymous. Each treatment firm is matched with a control firm based on their
respective propensity scores. T-statistics correspond to a difference-in-difference test that the
difference in the number of unique brokers between treatment and control firms is the same
before and after anonymity. “**” (“*”) indicates statistical significance at the 1% (5%) level.
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Spread in basis points for Herfindahl index quintile 1, mean Herfindahl value = 0.12783
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 25 198 -173
After (a) 31 259 -229

Difference (a - b) 6 61 -56
N = 1,983 N = 2,015 t-stat = -4.21

Spread in basis points for Herfindahl index quintile 2, mean Herfindahl value = 0.31766
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 90 196 -107
After (a) 115 308 -193

Difference (a - b) 26 112 -86
N = 1,069 N = 1,153 t-stat = -6.21

Spread in basis points for Herfindahl index quintile 3, mean Herfindahl value = 0.48675
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 200 232 -32
After (a) 265 366 -102

Difference (a - b) 65 134 -69
N = 2,052 N = 2,096 t-stat = -4.57

Spread in basis points for Herfindahl index quintile 4, mean Herfindahl value = 0.65126
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 288 221 66
After (a) 379 333 46

Difference (a - b) 91 111 -20
N = 1,654 N = 1,802 t-stat = -1.11

Spread in basis points for Herfindahl index quintile 5, mean Herfindahl value = 0.82740
Anonymous (treatment, t) Non-anonymous (control, c) Difference (t− c)

Before (b) 511 192 319
After (a) 605 287 318

Difference (a - b) 93 95 -1
N = 1,676 N = 1,580 t-stat = -0.06

Table 10: The table report the average quoted bid-ask spreads before and after the introduction
of post trade anonymity for treatment and control firms sorted into quintiles based on the
Herfindahl index value for trades by different broker firms in each stock in the treatment sample
before the switch to anonymity. The top panel contains the stocks with the most dispersed
trading and the bottom panel the firms with the least dispersed trading. THhe t-statistic for the
difference between the difference-in-difference in panel 1 and panel 5 is 2.40. 55.77−1.12

√

13.252+182
= 2.40.
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Figure 1: Average spread in basis points vs. the logarithm of firm size in Euro. Treatment
firms are blue circles, control firms are red crosses.
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Figure 2: Propensity score densities for treatment firms (blue solid line) and control firms (red
dashed line).
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