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ABSTRACT
This paper analyses the effects on liquidity of voluntary pre-trade
anonymity in the trading process. We confirm previous studies show-
ing that market liquidity improves immediately after anonymous
trading. Using the daily percentage of effective volume traded anon-
ymously, we show that the anonymity–liquidity relationship presents
a non-linear U-shape. We focus on the voluntary concealment of
broker identification introduced by the Spanish Stock Exchange in
October 2015. We conclude that, in our sample, anonymity increases
stock liquidity but at a decreasing rate; when a considerable part of
the effective volume is traded anonymously, additional percentages
of anonymous trading deteriorates stock liquidity.
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1. Introduction

Transparency is considered a cornerstone in the design of financial markets all over the
world. The price formation process and the execution of orders are undoubtedly affected
by the degree of transparency in the market. In fact, one important ingredient behind
recent financial market regulation in EU (MiFID II) has been to increase market
transparency. Regulators and market participants understand market transparency as
‘the ability of market participants to observe information about the trading process’
(O`Hara, 1995). Information transparency can be applied throughout the trading pro-
cess, from the pre-trade order book characteristics to post-trade information regarding
price, volume, execution time, etc.

One key dimension of market transparency refers to whether or not to display broker
identifications (ID, henceforth) to the market. Anonymity, understood as the conceal-
ment of broker identity in the trading screen, has become a relevant issue to regulators,
market participants and academics. The reason is that broker ID would provide insights
about valuable characteristics of traders and could affect market quality, as stated, for
example, in Frino et al. (2010), Dennis and Sandås (2019), and Lepone et al. (2012). In
recent years, many exchanges around the world have chosen to conceal the broker ID in
the trading process.1 One non-negligible reason can be found in the extreme competition
for trading promoted by the development of the anonymous trading through the
Multilateral Trading Facilities or Alternative Trading System. However, market regula-
tors have also seen such a decision as consistent with the interests of market participants.
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Theoretic and empirical academic literature has profusely analysed the effects of anon-
ymity on market quality, and in particular on market liquidity, as one of its main
indicators.

In this paper, we take advantage of a particular transparency event in the Spanish
Stock Exchange (BME, hereafter). Since 15 October 2015 traders’ identity can be con-
cealed from the LOB, both pre- and post-trading. Interestingly, BME gave traders the
option to decide whether to become anonymous (for all its orders and stocks, through
a requirement to the Spanish market regulator) or not, so that the change was not
mandatory. This specific environment could provide new insights about the effect of
anonymity on market liquidity.2 Thereby, our research question is to analyse the role of
voluntary disclosure on market liquidity.

We will focus, firstly, on the performance of stock liquidity immediately after the
change in transparency regulation regarding the concealment of broker ID. We accom-
plish this objective by way of a standard event-study methodology. In accordance with
previous studies, we found that market liquidity improves when anonymous trading is
feasible.

A second and innovative analysis aims to explore the time-based relationship between
market liquidity and the increasing percentage of market volume traded anonymously
after the new regulation. To the best of our knowledge, this is the first analysis that
explores the role of the percentage of anonymous effective volume. We perform this
analysis using a fixed-effects regression methodology. We obtain that the increasing use
of anonymity in the Spanish Stock Market after the change in regulation, on
15 October 2015, has promoted stock liquidity, but at a declining rate. A strong evidence
of a U-shape relationship between the use of anonymous trading by brokers and stock
liquidity is found. In particular, the maximum improvement of the quoted spreads is
shown to be attained at a 71% of anonymity; additional percentages of anonymous
trading reduce stock liquidity.

The paper proceeds as follows. Section 2 provides some background information on
the existing literature. Section 3 reviews the dataset and reports some preliminary
descriptive statistics of the variables of interest. Section 4 reports separately for each
analysis the methodology employed and discusses the main results attained. Finally,
section 5 concludes.

2. Literature review

Financial academic literature has examined the effects of several aspects of transparency
on market quality, in terms of execution costs, liquidity, or price discovery. In general
terms, theoretical models do not provide a clear answer to the effect of market transpar-
ency on market quality. See, for instance, Madhavan (1995, 1996), Pagano and Röell
(1996), and Huddart et al. (2001). As changes in market transparency are rare, empirical
research is based on one-off particular transparency events. Some examples are Simaan
et al. (2003), Madhavan et al. (2005), Eom et al. (2007), and He et al. (2014) that analyse
alternative contexts related to the information disclosure in the limit order book (here-
after, LOB), or Gemmill (1994) and Porter and Weaver (1998) who focus on regulation
affecting the post-trade reporting. In addition, research based on experimental markets,



as in Bloomfield and O’Hara (1999), has contributed to the debate of the effects of market
transparency on market quality.

Regarding the influence of anonymity in the trading process on stock market liquidity,
two opposite theoretical effects have been highlighted by the literature. On one hand,
concealing broker ID, informed traders can launch their orders to the market without
risk that others will trade in front of them; thus, informed traders’ transactions increase,
and the adverse selection component of market liquidity increases, decreasing liquidity,
as shown in Huddart et al. (2001). These authors state that anonymity preserves infor-
mation asymmetries and, consequently, damages liquidity increasing spreads. On the
other hand, anonymity could benefit informed investors in generating or acquiring more
information and hence improving liquidity, as it is emphasised in Perotti and Rindi
(2006) and Boulatov and George (2013). In addition to that, the theoretical model in
Foucault et al. (2007) shows that both informed and uninformed traders bid more
aggressively under anonymity, which provoke a positive effect on market liquidity.
Moreover, as Rindi (2008) highlights, the results on market quality of a variation in
transparency will be different depending on who is providing liquidity, on the cost of
processing or acquiring information, and on the degree of information asymmetry in the
market. So, the anonymity–liquidity relationship seems to be an empirical issue.

The empirical financial literature has extensively analysed the effects of anonymity on
market quality, and especially on market liquidity, based on the few events available. This
strand of literature includes Theissen (2003), Comerton-Forde et al. (2005), Frino et al.
(2008), Linnainmaa and Saar (2012), and Comerton-Forde et al. (2011), among others,
and more recently Meling (2018) and Dennis and Sandås (2019). Most of the previous
empirical evidence seems to support a positive effect of anonymity on market liquidity.
However, some authors report no-coincident results. For instance, Comerton-Forde and
Tang (2009) find that the introduction of anonymous trading in the Australian Stock
Exchange reduces spreads and increases order-book depth; but, on the contrary, Lepone
and Mistry (2011), for the same event, do not observe significant impact on the level of
information content once broker ID has been removed. The same result is found in
Poskitt et al. (2011), who find that effective spreads and adverse selection costs increased
following the concealment of ID in the New Zealand exchange. Pham and Westerholm
(2020) report an exhaustive review of the theoretical, empirical and experimental litera-
ture regarding how displaying or not the broker ID affects market liquidity.

Regarding methodological issues, most of the empirical papers use the standard event-
study technique to analyse the effect on liquidity of the new regulation. This is also the
approach we follow in the first part of our empirical application. As it has been
mentioned before, the concealment of the trader ID is voluntary in the Spanish
Exchange. Although this market is not the unique where anonymity is not compulsory
for traders, researchers have not paid enough attention to this specific characteristic.
Comerton-Forde et al. (2011) is one outstanding exception. They investigate the volun-
tary concealment of brokers ID in the Toronto Stock Exchange, since March 2002. Being
able to identify anonymous vs non-anonymous orders, they focus on the comparison
between the characteristics of both types of orders (in terms of size, aggressiveness,
market side, etc.) and on the diverse impact on stock liquidity. They conduct the research
two years after the change in regulation, so it cannot be considered an event study
analysing the impact of the introduction on market liquidity as such. Contrary to



theoretical predictions, Comerton-Forde et al. (2011) show that only 7% of the average
market volume is anonymous at the Toronto Stock Exchange. In our sample, anonymous
trading accounts for over 90% of Spanish market volume, and on the first day than
anonymity was possible, anonymous trading (on average) reached 50% of the total
effective volume. This percentage has almost monotonically increased during our sample
period, and for all the stocks in the sample, being at the end of March 2016 higher than
90%. Given the large differences between broker behaviour in Toronto and the Spanish
Stock Exchange, we do not follow the same methodology and we do not look at neither
the amount of anonymous orders nor its determinants. In contrast, the second part of
this paper analyzes the effect of the variable percentage of anonymous trading on
liquidity, being to the best of our knowledge the first time this information is used in
the related literature.

3. The market and the dataset

Our dataset contains 33 Spanish stocks listed on BME. These stocks are the most
important constituents of the Spanish Index, the IBEX-35©, and belong to the Index
during our sample period. The database covers 6 months from 1 October 2015 to
31 March 2016 of daily data. Since 15 October 2015 was the first day that anonymity
was possible, we have 10 trading days of pre-event information, and 116 (more than
5 months) trading days after it. Therefore, as stated before, we can analyse the effect on
market liquidity of the new transparency regulation just around the event, and also the
subsequent liquidity–anonymity relationship.

Trading in the Spanish Stock Exchange is continuous from 9:00 am to 5:30 pm GMT
+1, with call auctions at the opening (8:30–9:00 am) and closing (5:30–5:35 pm). The
open LOB contains information about the five best levels of prices of selling and buying
orders over all assets in each instant. For each of these levels and for each market side we
have information on the best price, volume of shares outstanding (depth) and number of
orders that supports such volume. When a modification on any of these variables occurs,
the LOB shows the new values of the variables. The market uses this information to
calculate the daily variables. Next, we present the relevant variables considered for each
asset and each day in the sample.

Firstly, in concordance with the related literature, we consider as measures of the
market liquidity the quoted spread, the depth weighted quoted spread and the Kyle´s
Lambda, for each asset and day in the sample.3

The Quoted Spread (QSp) is the average of the intraday quoted spreads. Intraday
quoted spreads are calculated by BME in the standard way each time, t, there is a change
in one of the five best Ask or Bid prices. QSp for each stock is measured in basis points:

QSpt ¼
PAsk;t � PBid;t
� �
mid � pricet

(1)

where PAsk (PBid) is the minimum (maximum) price that a seller (buyer) is willing to
receive (pay) in the LOB; the mid-price is the simple average between the best Ask and
Bid prices.



The Depth Weighted Quoted Spread (DWQSp) is the average of the intraday quoted
spread weighted by depth available at each price. Intraday depth weighted quoted spreads
are accumulated over the five best Ask and Bid prices, and are also calculated by BME
each time, t, there is a change in one of the five best Ask or Bid prices. DWQSp is also
measured in basis points:

DWQSpt ¼

P5
1

DAsk;t�PAsk;t
P5

1 DAsk;t

�
P5
1
DBid;t � PBid;t
P5
1
DBid;t

0
BB@

1
CCA

mid � pricet
(2)

where DAsk and DBid are the number of shares outstanding (depth) at each one of the five
best quotes.

Kyle´s Lambda (λ) is the result of calculating the amount of money (in thousand of
Euros) needed to move the mid-price 100 basis points on both sides of the LOB (Kyle,
1985). The market calculates the effective volume needed to sweep all the volume of the
five best positions at the Bid (Ask). At the same time, the market calculates the movement
of the prices in basis points. Next, the market does an average of the effective and the
percentages for the Ask and the Bid side. Last, the market normalises this figure to 100
basis points. The result is an ex-ante liquidity measure that is comparable for different
stocks and that collect all the available information. Contrary to previous liquidity
measures, the bigger is lambda, the more liquid the stock. The market calculates
Lambda each time there is a change in one of the five best Ask or Bid prices.4 In the
empirical implementation, the logarithm of Lambda is considered.

The specific measure of market transparency we consider is the level of anonymity in
trading. Thus, Anonymity (Anon) is proxied by the percentage of the effective volume
that is anonymous for each stock. We calculate it as:

Anon ¼ Anon EffVol
Total EffVol

(3)

where Anon EffVol is the effective volume transacted without the identification of the
traders involved and Total EffVol includes the transparent and the non-transparent
effective volume traded.

We also build D_Anon, which is a time series dummy that equals 0 for the days before
the event, 15 October 2015, and 1 the rest of the posterior days.

Finally, we use the classic control variables in the literature.5 Volatility (Volat) is
computed as the absolute value of the daily return for each asset6; effective volume
(EffVol) is the logarithm of total effective volume in million of Euros traded in all the
venues for each asset; and the inverse of the closing price for each asset (InvPr) is used, as
in Harris (1994), to control for the tick size effect.

Table 1 reports the daily average of all the variables considered for each asset in the
whole sample period ranked according to their average market capitalisation. It shows
some stylised facts and highlights the diversity of the stocks included in our sample. The
largest company, ITX (Inditex), is almost 100 times the smallest SCYR (Sacyr). These
differences in size can also be observed in the three measures of liquidity. In general,



larger companies in market capitalisation are associated with higher liquidity (i.e. smaller
spreads and larger lambda) and larger average daily volume traded. We do not observe
important differences in volatility. Regarding our main variable of interest, anonymity,
we do not observe relevant cross-sectional differences among the assets in the sample,
going from 67% to 78% of effective trading for the whole pre and after event sample
period. So, in spite of the big differences in liquidity and volume between stocks in the
sample, the use of the option to not display the broker ID seems to be similar across them.

Table 2 includes the univariate descriptive analysis of the variables used in the paper
before and after the transparency event. We can observe a significant decrease in liquidity
(i.e. increase in QSp and DWQSp and decrease in Lambda). This decrease in liquidity is
statistically significant looking at the t test of differences in means (before less after the
event) reported in the last row of the table. On the other side, we do not observe
significant differences in the volatility and the Effective volume before and after the
event. Therefore, at this first glance, liquidity seems to have diminished after the

Table 1. Descriptive statistics of liquidity measures by assets.
Anon QSp DWQSp λ Market Cap. EffVol
(%) (bp) (bp) (thous. €) Volat P (mill. €) (mill. €)

ITX 0.71 4.35 12.67 3,486 0.0137 30.75 96,050 231
SAN 0.73 4.75 15.93 4,060 0.0217 4.38 63,854 513
TEF 0.7 5.22 19.16 4,233 0.0169 10.28 51,433 374
BBVA 0.69 4.88 12.42 2,542 0.0179 6.53 42,855 346
IBE 0.69 4.12 12.32 5,101 0.008 6.2 39,927 207
ELE 0.76 7 20.95 1,442 0.0103 18.18 19,300 62
GAS 0.75 7.28 21.51 1,705 0.0122 18.13 18,207 72
CABK 0.76 8.93 25.27 1,393 0.02 3.02 18,066 89
AMS 0.74 6.22 13.78 1,364 0.0115 37.81 16,606 87
AENA 0.75 12.18 33.88 1,140 0.0112 103.43 15,526 71
IAG 0.67 8.03 15.54 1,269 0.0188 7.52 15,394 69
FER 0.76 6.51 19.11 2,390 0.0112 20.24 14,978 81
REP 0.74 7.94 24.35 1,851 0.0254 10.16 14,862 231
BKIA 0.72 16.6 63.89 782 0.0191 0.99 11,603 48
REE 0.73 5.68 13.25 1,444 0.0076 76.32 10,332 65
SAB 0.74 11.76 42.19 1,608 0.0211 1.58 8,921 86
GRF 0.75 9.57 19.97 560 0.012 20.15 8,603 44
ACS 0.77 8.62 18.91 662 0.0174 25.71 8,236 51
MAP 0.76 10.39 32.7 888 0.0157 2.2 6,837 32
ENG 0.74 7.01 16.75 1,123 0.0089 26.48 6,325 52
POP 0.74 11.05 29.56 883 0.0228 2.76 6,132 72
BKT 0.77 9.99 19.29 469 0.0143 6.44 5,799 32
GAM 0.78 10.26 26.99 871 0.0217 15.49 4,383 70
ANA 0.67 10.67 19.17 651 0.0127 72.43 4,156 31
TL5 0.75 11.83 29 466 0.0165 9.87 3,625 27
MRL 0.76 18.24 42.34 266 0.0144 10.77 3,489 32
DIA 0.75 9.09 19.55 596 0.0178 5.27 3,304 41
ACX 0.77 17.74 32.18 228 0.0242 9.34 2,501 38
FCC 0.74 20 33.87 189 0.021 6.68 1,963 16
TRE 0.77 14.09 24.35 281 0.0206 31.83 1,811 29
OHL 0.76 21.2 33.68 165 0.0309 5.66 1,673 30
IDR 0.73 15.18 27.35 222 0.0191 9.23 1,520 17
SCYR 0.74 22.78 50.97 301 0.0269 1.84 968 24

Table 1 shows the time average of the variables considered for each asset in the sample. Assets are ranked by average
market capitalisation. Anon is the percentage of the effective volume that is anonymous; QSp is the average of the
intraday quoted spreads; DWQSp is the average of the intraday depth weighted quoted spreads; λ is the amount of
money needed to move the mid-price 100 basis points on both sides of the LOB; Volat is the absolute value of the daily
return; P is the closing price; Market Cap. is the market capitalisation; and EffVol is the total effective volume traded in
all the venues.



voluntary concealment of the broker ID in the Spanish Stock Exchange after
15 October 2015. The liquidity results are similar to the ones obtained by Poskitt et al.
(2011), who find significant increases of effective spreads following the concealment of ID
in the New Zealand exchange.

Interestingly, the percentage of effective volume traded anonymously has an after the event
average of 80.2% for the 33 stocks. Asmentioned previously, this is contrary to the evidence in
Comerton-Forde et al. (2011) for the Toronto Stock Exchange using data of 2002 and it is
indicating that the vast majority of the volume transacted moves to the anonymous environ-
ment. Analysing the determinants of such a divergent behaviour is beyond the scope of this
paper, but the current level of competition between exchanges, and especially from the dark
alternative trading systems could explain the differences in the trader reaction to the anon-
ymity option. Tapia (2017) shows that at the beginning of 2015 lit market competition was
around 23% of the total volume. Moreover, this figure increases till 35% around the end of
2016.7 Figure 1 reinforces this finding. It displays the daily cross-section average of the
anonymity variable in our sample. Two noticeable patterns appear. First, it should be high-
lighted the remarkable increase in volume traded anonymously on the first day that anon-
ymity was possible, which increased to more than 50% of total volume. Second, a continuous
increase in anonymous trading is identified after this event, reaching more than 90% of the
total effective volume five months later, at the end of the sample period on 31 March 2016.
Both findings are noteworthy relative to the related literature and are specific to the Spanish
Stock Exchange.

Thus, the thorough analysis we propose in the next section could contribute to a better
understanding of the effects on stock liquidity of the non-compulsory broker ID in
a medium-size exchange such as the Spanish one, with an open automatic continuous
trading process.

Table 3 shows Spearman correlations of the main variables in the sample. The
percentage of effective volume traded anonymously, Anon, is significantly and negatively
correlated with the liquidity measures (positively with spreads, and negatively with
lambda). As expected, average daily volume traded is shown to be significantly correlated
with liquidity measures (negatively with spreads, and positively with lambda). Therefore,
multivariate analysis of the effects of anonymity on liquidity measures seems empirically
justified.

Table 2. Descriptive statistics of liquidity measures before and after the transparency event.
QSp DWQSp λ Anonv EffVol
(bps) (bps) (thous. €) (%) Volat InvPr (mill. €) Obs.

Before event 9.519 24.183 13.877 0 0.017 0.153 18.037 330
-4.494 -10.451 -1.077 0 -0.015 -0.175 -0.907

After event 10.672 25.658 13.701 0.802 0.017 0.176 17.969 3,828
-5.682 -12.857 -0.985 -0.14 -0.017 -0.218 -0.962

Diff t test −1.152*** −1.475* 0.176** −0.802*** −0.001 −0.023 0.0671 4,158

Table 2 shows the time average (standard deviation in parentheses) of the variables considered before and after the
event, on 15 October 2015. Anon is the percentage of the effective volume that is anonymous; QSp is the average of the
intraday quoted spreads; DWQSp is the average of the intraday depth weighted quoted spreads; λ is the amount of
money needed to move the mid-price 100 basis points on both sides of the LOB; Volat is the absolute value of the daily
return; InvPr is the inverse of the closing price; and EffVol is the total effective volume traded in all the venues. Last row
includes the test of differences in means. ***, **, and * denote significance at the 0.1%, 1%, and 5% levels, respectively.



4. Methodology and results

As mentioned before, the way that BME becomes anonymous after the new regulation is
different to the usual way given that traders decide whether to become anonymous or
not; the Spanish Stock Exchange allows the traders to become anonymous or to continue
showing its identifiers, so the change is not mandatory. This environment could provide
new insights about the effect of anonymity on liquidity. Such a specific regulation allows
us to analyse not only the effects on liquidity of the change from a transparent to
a voluntary anonymity framework but also specifically the effects of the continuous
variation in the level of anonymity along the time.
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Figure 1. Time evolution of anonymity.
The Figure shows the daily average of anonymity (Anon = (Anon EffVol/Total EffVol)), over all the stocks included in the
sample.

Table 3. Spearman correlation matrix.
Anon
(%) QSp (bp) DWQSp (bp)

λ
(ln thous. €) Volat InvPr

EffVol
(ln mill. €)

Anon (%) 1.000
QSp (bp) 0.167* 1.000
DWQSp (bp) 0.152* 0.852* 1.000
λ (ln thous. €) −0.166* −0.855* −0.545* 1.000
Volat 0.168* 0.221* 0.192* −0.180* 1.000
InvPr 0.064* 0.290* 0.394* −0.104* 0.216* 1.000
EffVol (ln mill. €) −0.019 −0.683* −0.457* 0.778* 0.064* −0.047* 1.000

Table 3 shows the Spearman correlations for all the variables considered in the whole sample period. Anon is the
percentage of the effective volume that is anonymous; QSp is the average of the intraday quoted spreads; DWQSp is the
average of the intraday depth weighted quoted spreads; λ is the amount of money needed to move the mid-price 100
basis points on both sides of the LOB; Volat is the absolute value of the daily return; InvPr is the inverse of the closing
price; and EffVol is the total effective volume traded. * denotes significance at the 1%.



So, in this paper, we propose two complementary analyses. The first one follows the
standard event-study approach in order to analyse the one-off effect of the new regulation
on the alternative stock liquidity measures. For this analysis, a dummy variable, D_Anon,
is built in order to separate the stock liquidity before and after the event. The sample
period considered includes only 20 trading days in the sample, 10 days before the event
and 10 days after it. The second analysis takes advantage of the available time-varying
percentage of effective volume that is anonymous, Anon, as explanatory variable, instead
of only using a dummy variable. In this case, only the after-event period is considered in
the analysis, accounting for 116 trading days, and monthly dummies are also included.

4.1. Event study approach

In this section, the effect on liquidity of the new regulation is analysed thought a standard
event-study methodology. We will use a fixed effect approach. We run the next
regression:

Liqit ¼ αþ βD Anon � D Anont þ γ � CtrolVit þ �it (4)

Equation (4) relates alternative liquidity measures (Liq) with control variables (ControlV)
and our main explanatory variable, the dummy of anonymity, D_Anon. We estimate the
basic equation using fixed effects and 20 trading days around the event, for 33 stocks
from 1 to 28 October 2015, accounting for a total of 660 time-assets observations. The
dependent variables measuring stock liquidity are QSp, DWQSp, and the Kyle’s Lambda,
and the control variables are volatility, effective volume and the inverse of the closing price.
This is the standard framework in the literature; see Madhavan et al. (2005), Comerton-
Forde et al. (2005), and Foucault et al. (2007) among others.

Results are in Table 4. The anonymity dummy coefficients of Table 4 show that the
liquidity of the stocks in the market improves when we move from transparent to

Table 4. Estimation results for the event study model.
QSp
(bp)

DWQSp
(bp)

λ
(ln thous. €)

D_Anon −0.437*** −0.832*** 0.046*
(0.111) (0.214) (0.018)

Volat 6.421 16.417 −1.249
(4.716) (9.079) (0.764)

InvPr 0.591 32.445** −2.696**
(6.050) (11.647) (0.980)

EffVol (ln mill. €) −1.168*** −1.701*** 0.176***
(0.201) (0.388) (0.033)

Constant 30.395*** 49.612*** 11.129***
(3.807) (7.329) (0.617)

Firm Fixed Effects Yes Yes Yes
Adj R2 0.07 0.06 0.07
N 660 660 660

This table reports the estimates of fixed-effects regressions of the liquidity variables Liqit ¼ αþ βD Anon �
D Anonit þ γ � ControlVit þ �it The dependent variables are QSp and DWQSp, measured in basis points,
and the logarithm of Kyle’s Lambda. The three endogenous variables are daily averages calculated by
BME. D_Anon is 0 if the market is transparent and 1 if anonymity is possible. The control variables are
volatility; log effective volume and the inverse of the closing price. The regressions use 20 trading days
for 33 stocks from first to 28 October 2015, for 660 time-asset observations. Robust standard errors
clustered at the asset level are reported in parentheses. ***, **, and * denote significance at the 0.1%,
1%, and 5% levels, respectively.



anonymous market. The coefficient for anonymity variable on QSp and DWQSp are
negative and highly significant. On average, the quoted spreads are half and almost one
basis point (−0.437 and −0.832) lower. In percentage terms, given the average of QSp and
DWQSp (9.356 and 23.808, respectively), these reductions represent 4.67% and 3.49% for
QSp and DWQSp. Along the same lines, we also observe a statistically significant increase
in Kyle’s Lambda. The signs of the coefficients of the control variables are the expected,
and some of them are statistically significant.

These results are in line with Foucault et al. (2007), Frino et al. (2008), Comerton-
Forde et al. (2005), and Comerton-Forde et al. (2011) among others that observe that the
removal of broker identifiers attached to traded orders decreased the relative and effective
spreads.8 We confirm these findings and extend the same conclusion to the Kyle´s
Lambda, as an additional measure of liquidity. Thus, once the effects on stock liquidity
of the related (control) variables are taken into account, the option of not displaying the
trader ID has increased liquidity in the immediate days after the event. Moreover,
Comerton-Forde et al. (2005) find a negative and significant dummy coefficient for
Euronext Paris and Tokyo Stock Exchange but not for Korea Stock Exchange. On the
other side, Poskitt et al. (2011) find that the dummy related with anonymity is positive
and significant.

4.2. Regression approach

Once an increase in liquidity around the event has been observed, we should check how
anonymity and liquidity relate to each other. We now restrict the analysis to the after
event period, from 15 October 2015 to 31 March 2016 (116 trading days). The first
approach is to use the percent of total volume that is anonymous using the Anon variable.
As mentioned before, an almost monotonic increasing pattern in anonymity is observed,
reaching almost 95% five months after the transparency event. Thus, we use the time-
varying percentage of effective volume traded without the trader ID in order to empiri-
cally assess the liquidity–anonymity relationship.

As in the previous subsection, we will run fixed effects regression, including monthly
dummies, for the 33 assets and the 116 trading days:

Liqit ¼ αþ βAnon � Anonit þ γ � ControlVit þ �it (5)

where the liquidity measures and the control variables are the same than in previous
analysis.

Results are reported in Table 5. The effects of the control variables are reinforced in
this new model specification. Volatility and the inverse of price significantly decrease
stock liquidity, while the amount of effective volume traded increases it.

As regards to the anonymity effect, surprisingly, the main result in Table 5 is that the
percentage of anonymity is not significant in explaining stock liquidity, once the effects of
the control variables, the firm fixed effects and the effect of time are extracted. We do
observe tighter spreads, but the decrease does not seem to be statistically significant.
Therefore, once broker anonymity has been authorised, stock liquidity seems not to be
affected by the increased use of the possibility to trade anonymously. In addition, Kyle´s
Lambda even decreases, which suggests a decrease in liquidity.



In order to go more in depth on this unexpected issue, we propose a non-linear
liquidity–anonymity relationship as in Degryse et al. (2015). The reason is that the theory
predicts a trade-off in the benefits and drawbacks of anonymity on market liquidity. As
we mentioned before, Huddart et al. (2001) show that anonymity could increase the
adverse selection component of the quoted spread, decreasing liquidity. On the other
side, Rindi (2008) and Boulatov and George (2013) show that concealing ID could benefit
informed investors and, as a consequence, improve liquidity. Thus, we built four dummy
variables for the 25%, 50%, 75% and 100% quartiles of the Anon variable, termed
D_25Anon, D_50Anon, D_75Anon and D_100Anon, respectively.9 We extend Equation
(5) according to:

Liqit ¼ αþ βAnon � Anonit þ βD50Anon
� D50Anonit þ βD75Anon

� D75Anonit þ βD100Anon

� D100Anonit þ γ � ControlVit þ εit (6)

Table 6 presents the results of the estimation of Equation (6), where only the coefficients
related to anonymity variables are shown for the sake of concisely. Similar to results in
Table 5, we find a positive effect (and statistically significant for depth weighted quoted
spreads) of anonymity on liquidity. Going to the second and third quartile of the Anon
variable seems to be no relevant. However, when anonymity reaches values bigger than
0.92 (D_100Anon), the effect reverses significantly, decreasing liquidity. So, a strong
evidence of a U-shape relationship between the use of anonymous trading and stock
liquidity (measured by the spreads) is found.

This evidence matches essentially the results in He et al. (2014) for the Shanghai Stock
Exchange, who conclude that the liquidity impact of market transparency modifications
can be different (and even opposite, they point out) depending on the effective transpar-
ency level already in place. He et al. (2014) study market quality and volume when traders
can increase the information about the other traders. Regarding our paper, these authors

Table 5. Estimation results for the regression model.
QSp
(bp)

DWQSp
(bp)

λ
(ln thous. €)

Anon (%) −0.11 −2.442 −0.106
(0.434) (1.232) (0.083)

Volat 20.363* 31.863* −2.512**
(8.598) (14.935) (0.840)

InvPr 13.461*** 59.405*** −0.575
(3.483) (8.437) (0.334)

EffVol (ln mill.€) −1.225** −1.787** 0.179***
(0.366) (0.607) (0.042)

Constant 29.474*** 48.676*** 10.824***
(6.301) (10.873) (0.716)

Firm Fixed Effects Yes Yes Yes
Time Fixed Effects Yes Yes Yes
Adj R2 0.27 0.29 0.28
N 3,828 3,828 3,795

This table reports the estimates of fixed-effects regressions of the liquidity variables Liqit ¼ αþ βAnon �
Anonit þ γ � ControlVit þ �it The dependent variables are QSp and DWQSp, measured in basis points,
and the logarithm of Kyle’s Lambda. The three endogenous variables are daily averages calculated by
BME. Anon is the degree of anonymity in the market (Anon EffVol/Total EffVol). The control variables are
volatility; log effective volume and the inverse of the closing price. The regressions use 116 trading days
for 33 stocks from 15 October 2015 to 31 March 2016. We include monthly dummies to capture time
effects. Robust standard errors clustered at the asset level are reported in parentheses. ***, **, and *
denote significance at the 0.1%, 1%, and 5% levels, respectively.



show that the relationship between transparency and liquidity is non-monotonic. Also,
the findings of Eom et al. (2007) for the Korea Exchange, where a non-linear (concave, in
fact) relationship between pre-trade transparency and market quality is reported, support
our results in Table 6. As they point out and we confirm, these empirical evidences
explain the lack of consensus in the existing literature where each empirical study is
naturally confined to specific parts of the transparency domain.

Following the analysis of Degryse et al. (2015) and Tapia (2017), and in order to
confirm changeable effects of anonymity on stock liquidity, we include a quadratic term
of anonymity variable, Anon2, in Equation (5). Again, we will run fixed effects regression,
including monthly dummies, for the 33 assets and the 116 days, according to the
equation:

Liqit ¼ αþ βAnon � Anonit þ βAnon2 � Anon2it þ γ � ControlVit þ εit (7)

Results are in Table 7. As hypothesised, the quadratic term, Anon2, is statistically
significant; thus, linearity is rejected in favour of a quadratic liquidity–anonymity
relationship. In particular, the positive coefficient of the quadratic term suggests
a convex relation. According to Table 7, the linear component of anonymity, Anon,
improves liquidity (decreasing both QSp and DWQSp) while the quadratic term worsens
liquidity. However, we do not find any significant effect on Kyle´s Lambda, where the
findings are similar to those in the linear model.

Therefore, we can infer that the rising use of anonymity in the Spanish Stock Market
after the 15 October 2015 has promoted stock liquidity, but at a declining rate for higher
values of anonymity. On average, the linear component reduces QSp and DWQSp by 12
and 18 basis points, respectively, while the quadratic one increases them by between 8
and 11bps. Thus, the liquidity benefits of concealing broker ID are significantly dimin-
ishing above a certain point of anonymity. Our findings suggest that when the market is

Table 6. Estimation results for the regression modelThis table reports the estimates
of fixed-effects regressions of the liquidity variables.

QSp
(bp)

DWQSp
(bp)

λ
(ln thous. €)

Anon (%) −1.295 −4.551** −0.159
(0.781) (1.613) (0.108)

D_50Anon −0.013 0.414 0.041
(0.223) (0.460) (0.031)

D_75Anon 0.318 0.483 0.032
(0.281) (0.579) (0.039)

D_100Anon 0.758* 1.308* 0.013
(0.314) (0.648) (0.043)

Firm Fixed Effects Yes Yes Yes
Time Fixed Effects Yes Yes Yes
Adj R2 0.27 0.29 0.28
N 3,828 3,828 3,795

Liqit ¼ αþ βAnon � Anonit þ βD50Anon
� D50Anonit þ βD75Anon

� D75Anonit þ βD100Anon
� D100Anonit þ γ � ControlVit þ �it

The dependent variables are QSp and DWQSp, measured in basis points, and the logarithm of Kyle’s
Lambda. The three endogenous variables are daily averages calculated by BME. Anon is the degree of
anonymity in the market (Anon EffVol/Total EffVol); D50Anon (D75Anon D100Anon) is a dummy variable for
the second (third and fourth) quartil of the Anon variable. The control variables are volatility, log
effective volume and the inverse of the closing price. The regressions use 116 trading days for 33 stocks
from 15 October 2015 to 31 March 2016. We include monthly dummies to capture time effects. Robust
standard errors clustered at the asset level are reported in parentheses. ***, **, and * denote
significance at the 0.1%, 1%, and 5% levels, respectively.



mostly anonymous the adverse selection component of liquidity is so high that harms
liquidity, because of the lack of aggregate market transparency. This is a preliminary
result but with potentially valuable implications for market regulators, which deserves
additional research.

In order to clarify this point, we represent graphically the main implications of results
of Table 7. Figure 2 shows the impact of anonymity on liquidity, maintaining constant
the control variables. Given the estimated coefficients in Table 7, we calculate the impact
of a level of anonymity on our liquidity measures as:

dLiqit d¼ βAnon � Anonit þ dβAnon2 � Anon2it (8)

Looking at Figure 2, we observe that any level of anonymous trading improves liquidity,
but a U-shape relationship is found. In particular, the maximum improvement of QSp is
attained at a 71% of anonymity. At this level of anonymity, QSp is 4.38 basis points lower
than with zero anonymity. Additional percentages of anonymous trading over 71%
would reduce stock liquidity. Similar conclusions are reached forDWQSp; the anonymity
level of the maximum spreads decrease at 81% and is associated with a 7.32 basis points
reduction in DWQSp. For higher anonymity level, the depth weighted quoted spreads
suffered a slight increase. Additionally, we can also observe that the effects of anonymity
are higher when we use DWQSp as liquidity measure than when we use QSp. As we
mentioned, DWQSp includes the volume of LOB buy and sell sides’ best 5 positions.
Therefore, anonymity seems to affect also the depth of the assets.

Hence, such a non-linear liquidity–anonymity relationship could explain the insig-
nificant results reported in Table 5, where a linear relationship is assumed for the after-
event period. It is also consistent with findings in Table 4, where an unambiguous

Table 7. Estimation results for the regression model.
QSp DWQSp Lambda

Anon −12.414** −18.083* 0.454
(3.640) (7.701) (0.367)

Anon2 8.777** 11.157* −0.400
(2.598) (5.353) (0.275)

Volat 20.921* 32.573* −2.537**
(8.633) (15.004) (0.839)

InvPr 13.331*** 59.240*** −0.569
(3.407) (8.305) (0.336)

EffVol −1.271** −1.846** 0.181***
(0.375) (0.617) (0.042)

Constant 34.211*** 54.698*** 10.609***
(7.294) (12.067) (0.725)

Firm Fixed Effects Yes Yes Yes
Time Fixed Effects Yes Yes Yes
Adj R2 0.27 0.29 0.28
N 3,828 3,828 3,795

This table shows the results of the next regression Liqit ¼ αþ βAnon � Anonit þ βAnon2 � Anon2it
þγ � ControlVit þ εitThe dependent variables are QSp and DWQSp, measured in basis points, and the
logarithm of Kyle’s Lambda. The three endogenous variables are daily averages calculated by BME. Anon
is the degree of anonymity in the market (Anon EffVol/Total EffVol), and Anon2 is Anon squared. The
control variables are volatility, log effective volume and the inverse of the closing price. The regressions
use 116 trading days for 33 stocks from 15 October 2015 to 31 March 2016. We include monthly
dummies to capture time effects. Robust standard errors clustered at the asset level are reported in
parentheses. ***, **, and * denote significance at the 0.1%, 1%, and 5% levels, respectively.



improvement in liquidity is detected immediately after the event, and so, for moderate
levels of anonymous trading.

To sum up, we can conclude that, according to our results, anonymity increases stock
liquidity but at a decreasing rate; in fact, when a substantial part of the effective volume is
traded anonymously, additional use of this option deteriorates liquidity. Thus, as He et al.
(2014) highlight, such a non-monotonic relationship between liquidity and anonymity
could explain the lack of consensus in the existing empirical literature, because each
previous study is delimited to a specific part of the transparency domain.

4.3. Robustness of results

This section implements two additional analyses in order to confirm previous findings. The
first one is related to the event study in section 4.1. Instead of using a window of 20 trading
days around the event, we remove the 5 days before and after the regulation change date in
order to isolate the pure effect, preventing the existence of confusing effects caused by the
proximity of the event. Estimation of Equation (4) for these 330 time-asset observations
does not affect key results; stock liquidity (measured by quoted spreads and Kyle’s Lambda)
significantly increases immediately after the voluntary concealment of trader ID.10

Finally, endogeneity is clearly a concern in attempting to understand how anonymity
drives market liquidity. It is possible that market liquidity affects anonymity at the same
time that anonymity is driving market liquidity. Nickell (1981) shows that a serious
difficulty arises with the one-way fixed effects model in the context of a dynamic panel
data model, particularly in the case of small number of time periods (T) and large number
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Figure 2. The figure shows the impact of anonymity on liquidity, computed as:Liqit ¼ dβAnon � Anonit
þ dβAnon2 � Anon2it .
QSp is the average of the intraday quoted spreads; DWQSp is the average of the intraday depth weighted quoted spreads.



of observations (N), because the demeaning process of the fixed effect models can create
a correlation between the regressor and the error. However, Roodman (2009) highlights
that the bias decreases if T is large. Since T in our sample is over 100, the Nickell bias is not
a serious concern. Anyway, we apply the dynamic panel data GMM and robust estimators
developed by Arellano and Bond (1991).11 The Arellano–Bond test for autocorrelation has
a null hypothesis of no autocorrelation and is applied to the differenced residuals. The test
for AR(2) in first differences is important because it will detect autocorrelation in levels.
These models are regarded as valid when these tests’ p-values are higher than 0.05.

Results are included in Table 8, and they show that our main result is still valid.
Although the coefficients are lower as expected, the linear and quadratic components of
anonymity maintain the significant effects on spreads. Interestingly, coefficients of
lambda become significant and the signs are the expected ones; the anonymity coefficient
is positive, and the anonymity square coefficient is negative, i.e. greater anonymity
increase lamda (increase liquidity) till one percentage. In the Lambda case, the maximum
level of improvement is at 49%. On the other side, the maximum improvement of
liquidity using QSp and DWQSp is 62%. The Arellano and Bond test for autocorrelation
(AR2) confirms the absence of serial autocorrelation in the errors.12

5. Concluding remarks

In this paper, we have analysed the changes in liquidity when we change from
a transparent market to one with voluntary anonymity. We check the anonymity effect

Table 8. Estimation results for the regression model with Arellano–Bond (1991) robust
estimations for the full sample.

QSp DWQSp Lambda

Lagged Endog. 0.177*** 0.066* 0.240***
(0.016) (0.027) (0.028)

Lagged Anon −3.421** −4.412** 0.187**
(1.181) (1.700) (0.063)

Lagged Anon2 2.755** 3.562* −0.191**
(0.952) (1.489) (0.058)

Volat 9.480 19.316 −0.905
(6.380) (10.589) (0.534)

InvPr 30.612*** 63.508*** −3.893**
(7.750) (8.878) (1.430)

EffVol −0.921*** −1.790*** 0.125***
(0.232) (0.398) (0.017)

Constant 19.851*** 43.744*** 8.946***
(4.185) (8.211) (0.390)

N 3,828 3,828 3,729
Firm Fixed Effects Yes Yes Yes
Time Fixed Effects Yes Yes Yes
Arellano-Bond AR(2) 0.7888

Valid
0.2119
Valid

0.6313
Valid

Number of instruments 243 243 236

This table shows the results of the next regression Liqit ¼ αþ βAnon � Anonit þ βAnon2 � Anon2it
þγ � ControlVit þ εitThe dependent variables are QSp and DWQSp, measured in basis points, and the
logarithm of Kyle’s Lambda. The three endogenous variables are daily averages calculated by BME. Anon
is the degree of anonymity in the market (Anon EffVol/Total EffVol), and Anon2 is Anon squared. The
control variables are volatility, log effective volume and the inverse of the closing price. The estimations
use 116 trading days for 33 stocks from 15 October 2015 to 31 March 2016. We include monthly
dummies to capture time effects. Robust (Arellano–Bond) standard errors clustered at the asset level are
reported in parentheses. ***, **, and * denote significance at the 0.1%, 1%, and 5% levels, respectively.



looking at the voluntary concealment of broker ID in BME, since 15 October 2015.
A similar exchange regulation regarding disclosure of the trader identification occurred
in the Toronto Stock Exchange in 2002. However, while in the Toronto Stock Exchange
a very limited use of this choice has been evidenced, in the Spanish Stock Exchange 50%
of the effective volume became anonymous just the first day after the change in regula-
tion. Moreover, anonymous trading reached more than 90% of effective volume six
months later, for all the stocks in the Spanish index, the IBEX-35©. In our opinion, the
effects of this particular trader behaviour on stock liquidity deserve empirical examina-
tion. Thus, in this paper, we contribute to the market microstructure literature and
propose new insights on the anonymity–liquidity relationship. In particular, we take
advantage of a dataset where the daily percentage of market volume traded anonymously
for each asset after the new regulation is available. This is, to our knowledge, the first time
that this information has been used in the literature.

Similarly to previous studies, we obtain that market liquidity improves immediately after
anonymous trading is possible in the Spanish Stock Exchange. Our main contribution to the
literature is obtained when we use the daily percentage of effective volume traded anon-
ymously for a long period after the new regulation. Sound evidence of a U-shape relationship
between anonymous trading andmarket liquidity is reported. In particular, the quadratic term
of anonymity is shown to be statistically significant in explaining stock liquidity; therefore,
a non-linear anonymity–liquidity relationship arises. Anonymity improves liquidity but at
a decreasing rate. For instance, regarding the quoted spreads, its minimum values correspond
to a 71% of anonymous trading; additional percentages of anonymous trading are shown to
reduce stock liquidity. Results are confirmed through alternative estimationmethodologies as
dynamic panel data GMM and robust estimators developed by Arellano and Bond (1991).

In our opinion, these findings could contribute to reconcile the opposite implications
of alternative theoretical models (and empirical studies) regarding the effects of market
transparency (trader anonymity, in particular) on liquidity. At the end, a moderate use of
anonymous trading seems to increase stock liquidity, but liquidity could worsen when
almost all the effective volume traded hide the broker identification. Consequently,
regulators should be aware of this kind of countervailing effects when they implement
new directives trying to improve market liquidity.

Notes

1. See Meling (2018) for a summary of the recent stock market´s modifications regarding
broker ID.

2. Hence, for instance, on 23 April 2001 for Euronext Paris, and 30 June 2003 for the Tokyo
Stock Exchange the broker identifiers from all the limit order were removed; on the
contrary, the Spanish Stock Exchange allowed the traders to become anonymous or to
continue showing its identifiers. BME however is not the only exchange in which disclosing
trader anonymity is voluntary. The London Stock Exchange in 2001, and NASDAQ and the
Toronto Stock Exchange in 2002 also offered a similar option to traders.

3. Effects on alternative measures of market quality as depth, volume, or probability of
information-based trading have been also studied in the literature. See, for instance,
Foucault et al. (2007), Frino et al. (2008), and Grammig et al. (2001).

4. Næs and Skjeltorp (2006) or Martínez et al. (2005) among others, using information of the
consolidated LOB build some style measure that shows the properties of liquidity measured
beyond the quoted spreads.



5. See, for instance, Madhavan et al. (2005), McInish and Wood (1992), and Stoll (2000).
6. We do not consider intraday estimations because of the lack of intraday data in the dataset.
7. We thank an anonymous referee for pointing out us this line of reasoning.
8. It is noteworthy that hidden orders are not permitted in BME, so effective spread is equal to

quoted spread.
9. The values of the Anon variable for the first quartil goes from 0 to 0.72, and to 0.84 and to

0.92 for the second and third quartils, respectively.
10. These results are not reported, but they are available to readers upon request.
11. We use the xtabond Stata command instead of xtabond2. xtabond2 is designed for dynamic

‘small-T, large-N’ panels.
12. We also use a second approach using GMM estimations for the full sample. As Roodman

(2009) highlights, an important obstacle emerges when using long panels: the proliferation
of instruments. This is because the number of instruments to be generated is directly related
to the length of the panel (number of periods). The number of instruments increases, as each
regressor is instrumentalised by all their differences and levels (with GMM). This prolifera-
tion of instruments initially was seen as favourable, since it increased the efficiency of the
estimator (Arellano and Bond 1991), however, it could cause overidentification. Therefore,
as the panel grows in periods, the probability of overidentification increases. Even though
the Sargan test (including 30 lags), which verifies the validity of the instruments used in the
analysis, shows that the estimations are valid joint AR(2) test of Arellano-Bond, and there-
fore overidentification does not exit. Results of these robustness tests are not reported in the
text in order to conserve space, but they are available to readers upon request.
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