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1. Introduction 

During the last decade, the microstructure of equity markets around the world has changed 

dramatically. Today, the vast majority of exchanges are organized as hybrid markets where 

continuous trade takes place in electronic limit order book markets with call auctions at the 

beginning and the end of the trading day. Whereas the merits of call auctions have been 

widely documented, their design has received relatively little attention. 

In this paper we empirically investigate the auction mechanisms of two of the world’s leading 

electronic limit order book markets: the French Euronext and the German Xetra system. The 

difference between their auctions lies in book disclosure during the call phase and the ending 

procedure. We qualify the Euronext call auction as transparent: during the call phase the 

system displays the virtual clearing price and five levels of bid and ask quotes, and the auction 

ending time is fixed. The Xetra system only discloses the virtual clearing price and volume, 

and the call phase has a random ending time. Although very different, transparency and 

ending time randomization are both attributes that increase the uncertainty regarding an 

order´s expected price impact and hence discourage sniping and manipulation. Indeed, 

Deutsche Börse specifically indicates that their opaque mechanism design serves to prevent 

clearing price manipulation. 

As both trading systems have coexisted for more than a decade, and both markets have 

successfully exported their trading platforms to other countries, we believe that an empirical 

comparison between the different auction mechanisms is overdue.1 In this paper we 

investigate whether Euronext´s transparent auctions foster liquidity, and thereby enhance 

price discovery, or whether Xetra´s opaque design improves price discovery, and leads to 

increased liquidity. 
                                                 
1 The Euronext system is also used in the Netherlands, Belgium and Portugal. Xetra is now used on the 

Bulgarian, Austrian, and Irish Stock Exchange, among others. Other exchanges that use a 30 second random 

ending to auctions include London, Milan and Madrid. 
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There is a large literature on the role of call auctions on stock exchanges. Garbade and Silber 

(1979) point to an auction´s enhanced price efficiency and reduced price impact, which is 

traded off against the cost of delay and loss of order flow information. Madhavan (1992) 

shows how after trading halts call auctions can jump-start continuous trade, which may 

otherwise stagnate due to adverse selection. 

Closing auctions may also prevent manipulation or sniping, the practice of entering orders at 

the last moment so as to not give away trade based information.2 Empirical regularities such 

as the day-end effect, first documented by Harris (1989), and the volatility spike during the 

last minutes of trading reported by Chan et al. (1995) and others have cast doubt on whether 

closing prices represent equilibrium valuations.3 These studies also report a surge in trading 

volume during the final minutes, suggesting sniping behaviour. Evidence of manipulation is 

presented by Comerton-Forde and Putnins (2010), who study a sample of 160 court cases and 

find that particularly the closing prices of illiquid stocks are subject to manipulation.4 

Empirical research has mostly endorsed the use of call auctions, as they are found to enhance 

price discovery, provide liquidity and thought to curtail manipulation. Biais et al. (1999) 

study the opening auction on the Paris Bourse and find evidence for price discovery during 

the call phase. Cao et al. (2000) report similar evidence for the pre-opening period on 

NASDAQ. Pagano and Schwartz (2003) find that the introduction of closing call auctions on 

                                                 
2 Roth and Ockenfels (2002) investigate sniping in E-bay and Amazon auctions. 

3 Other papers that study the day end effect include Harris (1989), McInnish and Wood (1990), and Michayluk 

and Sanger (2006). The day end volatility spike is also reported by Lockwood and Linn (1990), Cushing and 

Madhavan, (2000) and others. 

4 Motives for manipulating the closing price (a.k.a. marking the close) can arise from principal-agent relations 

such as broker intermediation (Hillion and Suominen, 2004), delegated investment managemen (Sias and Starks, 

1997; Carhart et al., 2002; Galagher et al.. 2009), or the gaming of derivatives cash settlements (see Kumar and 

Seppi (1992), Pirrong (2001) and Ni et al. (2005)). For our sample period, there was closing price manipulation 

of Volkswagen common and preferred stock, where professional traders manipulated closing prices to control 

the spread between the two securities.  



 3

the Paris Bourse lowered execution costs, increased liquidity, and sharpened price discovery. 

Comerton-Forde et al. (2007) find similar findings for the Singapore Stock Exchange, and 

also report that the introduction of call auctions reduced the skewness and kurtosis of closing 

returns, suggesting less price manipulation.5  

With respect to pre-trade transparency, opinions diverge. Theories in favour of pre-trade 

transparency include Admati and Pfleiderer (1991), who show that transparency enables 

liquidity traders to announce their willingness to trade and thereby reduce their price impact. 

They further show that the presence of entry costs, such sunshine trading benefits all market 

participants and enhances price discovery. Brusco et al. (2003) show that if liquidity seekers 

are seen to submit orders during the call phase, informed traders will enter, leading to 

increased price discovery in a transparent system. Chakraborty et al. (2010) model how 

auction books are built carefully and slowly over time, with small orders becoming larger as 

long as no imbalance occurs, and that transparency is the key for this delicate tâtonnement 

process. On the other hand, Medrano and Vives (1992) present a theory that endorses opacity. 

Their model shows that an uncertain ending time is necessary to motivate order submissions 

and price discovery, as without such uncertainty nobody would submit orders until the very 

end of the call auction.6 

Although there is no shortage of studies that investigate the effect of transparency on liquidity 

during continuous trading, there are only few empirical studies on the effect of transparency 

                                                 
5 Additional evidence of price discovery during call phases is provided by Brusco et al. (2003), Davies (2003), 

Beltran and Frey (2006), and Kandel et al. (2010). Medrano and Vives (2001), Brusco et al. (2003), and 

Chakrabarty et al. (2008) provide theories of price discovery during non-binding interaction.  

6 Roëll (1990) and Madhavan and Panchapagesan (2000) favour a different kind of opacity. They show that by 

giving specialists and floor brokers privileged access to the limit order book and clients orders enhances liquidity 

and price efficiency because they can best gauge the order submitters´ motives for trade. Dumitrescu (2010) 

shows that a partial opening of the book may be optimal.  
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during auctions.7 The only direct empirical evidence on transparency during call auctions to 

our knowledge comes from Dia and Pouget (2005, 2006) who study the transparent but 

illiquid call auctions of the West African stock exchange. They find that a transparent system 

and is critical for liquidity and price discovery, but may also encourage bluffing. 

Experimental studies generally endorse opaque auctions. Friedman (1993) conducts 

laboratory experiments where the book is either completely open or where only the indicative 

clearing price is disclosed. He finds that the more opaque mechanism achieves more price 

discovery, while the results on trading volume are mixed. In more recent experimental 

studies, Arifovic and Ledyard (2007) and Biais et al. (2009) find that limited transparency 

results in more order submission and price discovery.8 

To empirically investigate the effect of pre-trade transparency for call auctions we analyze 

microstructure data of a sample of 126 matched Euronext and Xetra stocks. We find that 

Euronext auctions attract significantly higher volumes during all auctions, thus supporting the 

sunshine trading hypothesis. We also find that larger stocks see the highest volumes during 

the closing auction (approximately 10% of daily trading volume, vis-a-vis 1% for the opening 

auction), while small stocks see relatively higher volumes in the morning auction (4% of daily 

trading volume, approximately the same percentage as at the close). We hypothesize that this 

pattern is due to multi-asset traders who trade illiquid stocks earlier in the day than liquid 

stocks, as the latter come with a valuable option to delay trade. 

                                                 
7 Simaan et al. (2003), Boehmer et al. (2005), and Hendershott and Jones (2005), find that increased 

transparency improves liquidity. Madhavan et al. (2005) however finds that, on the Toronto Stock Exchange 

liquidity declined when the exchange started disseminating the best five levels of bid and ask quotes. 

8 Arifovic and Ledyard (2007) compare repeated open book and closed book auctions, and find that the latter 

obtain higher allocative efficiency, both with numerial simulations as in laboratory experiments. The reason is 

that more information disclosure generates more noise. Biais et al. (2009) show that for pre-trade auctions to be 

informative, orders need to be binding. If orders can be cancelled too easily, cheap talk bluffing obtains and 

gains and subsequent gains for trade are reduced. 
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To assess the price impact of auction trading, we compare Amihud and Amivest liquidity 

ratios, and find that on Euronext, absolute price changes per euro of trading volume are 

significantly lower than on Xetra. The differences are particularly strong for midcap and small 

stocks where liquidity measures on Euronext are approximately twice as high as on Xetra, 

thus offering further support for pre-trade transparency. 

To investigate what kind of traders contribute to auction trading volume, we also look at 

volume correlations. We find that volume correlations during auctions are higher on Euronext 

than on Xetra. Sias and Starks (1997) find that institutional trading can be identified by 

increased contemporaneous correlated trading. Our results thus suggest that the increased 

volume on the transparent Euronext auctions is due to institutions. This is not surprising as we 

expect in particular these traders to benefit most from sunshine trading that the transparent 

auction mechanism enables. 

We also find that, for small and midcap stocks trading volume correlations are highest during 

continuous trade, while for large cap stocks where they are highest during closing auctions. 

This pattern is consistent with the option to delay hypothesis as we would expect institutional 

traders to value this option this option most, and trade highly liquid (large cap) stocks at the 

last available rebalancing opportunity, the closing auction. 

We then investigate whether transparency comes at a cost of information aggregation. To do 

this we compute three measures of price discovery. We find that approximately 23% of the 

variation in close-to-close market returns is explained at the opening auction, which 

corroborates this auction´s function of price discovery. More importantly, price discovery 

measures are significantly higher for the transparent Euronext auctions, particularly for mid 

and small cap stocks. Closing auction returns explain approximately 4% of the day´s return, 

with only slighly higher numbers for Euronext. Overall, we interpret these findings as 

evidence that enhanced liquidity causes sharper price discovery, and not vice versa. 
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To further assess price efficiency of the two systems, we look at return reversals following the 

auctions. We find significant negative autocorrelation for both markets and both auctions. 

Approximately 20% of the opening auction returns is reversed during the first fifteen minutes 

of continuous trading, on average. The reversal coefficients for the closing auction hover 

around 40%. We find that this is due only to idiosyncratic effects, as portfolios see small 

positive autocorrelations. 

We hypothesize that the significant reversal is due to limited liquidity supply during auctions. 

Our findings imply that on average, liquidity seekers who buy (sell) in auctions with the flow 

overpay (are underpaid), implying that liquidity suppliers make expected profits. This finding 

is consistent with a finite population of market makers who require compensation for carrying 

risky inventory over time, as described by Stoll (1978). Consistent with this, we find that 

reversals are stronger for smaller, riskier stocks, and stronger for the closing auction which 

sees higher volumes and for which the subsequent overnight period constitutes a higher risk 

for inventory carrying market makers. 

More importantly for our research question, opening auction reversals are significantly 

stronger on Xetra, suggesting that the opaque auction sees less price efficiency. For the 

closing auctions, Euronext sees slightly higher reversals, which is consistent with the 

significantly higher closing auction volumes on this exchange. The difference may also reflect 

increased sniping or manipulation caused by the French system´s transparency. 

We then study how bid-ask spreads evolve during the first hour of continuous trade. We find 

that initial spreads, relative to the daily average, are significantly wider on Xetra than on 

Euronext, which we interpret as further evidence that the more transparent auction achieves a 

more complete price discovery. Despite the higher initial spreads, trading volumes during the 

first minutes of trading are significantly higher on Xetra. The total volume during the first 

hour of trading (auction plus continuous trading) is approximately the same. Our finding that 
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on Xetra more trade takes place after the auction when spreads are higher suggests that traders 

value transparency, and implies that value weighted trading costs for early morning trading 

are significantly lower on the Euronext. 

Overall, we conclude that Euronext´s transparent auction mechanism leads to higher liquidity 

and sharper price discovery. This conclusion is further endorsed by the fact that the opaque 

auctions on Xetra last on average 15 seconds longer and, for mid and small cap stocks, start 

and end a few minutes later, and could thus potentially benefit from price and quantity 

discovery on Euronext. 

The remainder of this paper is organized as follows: Section 2 gives an overview of the 

auction mechanisms in place at both exchanges. We describe our sample selection and 

methodology in section 3. Section 4 investigates liquidity of the auction mechanisms and 

section 5 looks at the price efficiency. Section 5 contains a summary and conclusion. 
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2. The Auction Mechanisms 

This section provides a brief description about the auctions operated by Xetra and Euronext. 

For the sake of brevity, we only discuss the aspects relevant to our research question.9  

2.1. Euronext 

Every morning at 7:15 the Euronext system starts displaying the limit order book relevant for 

the day’s opening auction. Left over orders of the previous day are entered first. After this, 

market participants can submit and cancel orders until exactly 9:00. During this time (the call 

phase), the system displays the order book with market orders and five levels of (partly) 

unfilled buy and sell orders, from which the clearing price and volume can be deduced. Figure 

1 illustrates what traders see during the call phase of the auctions. The displayed book is 

continuously updated as orders arrive. At exactly 9:00 the call phase ends and the book 

freezes. At this time an algorithm computes the clearing price based on volume maximization 

and assigns trades.10 After a short trade allocation phase, the executed orders are removed 

from the displayed book, and continuous trade starts. Panel C of Figure 1 shows what the 

continuous trade book would look like if the auction ended. 

---- Figure 1 around here ---- 

At exactly 17:30 continuous trading is halted and the closing auction starts. Arriving orders 

are accumulated in the book without being executed. The call phase terminates at exactly 

17:35, when orders are assigned and filled. The disclosure and order submission rules are the 

same as for the opening auction. Until 17:45, the surplus is offered during a trading-at-last 

session when the execution price is fixed at the closing price. For our analysis, we discard 

                                                 
9 For a more comprehensive overview of the detailed rules and regulations, see the manuals that available on the 

exchanges’ websites at www.euronext.com and www.deutscheboerse.com.  

10 The price setting rules on both exchanges is the same: the price is set so as to maximize volume, then 

minimize surplus. For an analysis of different auction price setting rules see Comerton-Forde and Rydge (2006) 
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trading-at-last, as the volumes during these sessions are extremely small.11 Before February 

17th, 2007, the timing of the closing auction was slightly different: it started 17:25, and 

cleared at 17:30. 

2.2. Xetra 

Order collection on Xetra starts in a similar way at 7:30. Market participants are kept in the 

dark regarding the book until 8:50, when the system starts disclosing the virtual price and 

trading volume only.12 Panel B of figure 1 illustrates what Xetra traders see after 8:50. For 

DAX stocks, a thirty second random ending period starts at 9:00. The auction ending time is 

determined by generating a random number between zero and thirty. For MDAX (midcap) 

and TecDAX (technology, both mid- and smallcap) stocks the thirty second random period 

commences at 9:02, and for SDAX (smallcap) stocks the random ending procedure starts at 

9:05. At the end of the call phase, the clearing price is set and orders assigned using the same 

algorithm as on Euronext. The assigned orders are cleared from the book, which is now made 

visible to all market participants, and continuous trade starts. The continuous trade display is 

the same on Euronext and Xetra: both systems display five levels of limit orders, as given by 

Panel C. 

At 13:00 the Xetra system schedules a noon auction, where the same mechanism is employed: 

order execution halted for a two minute call phase and a 30 second random ending period, and 

the book is closed except for the virtual clearing price and volume. On expiration days, the 

settlement price for the DAX index options and futures is determined via the noon auction, 

which is then extended to five minutes.  For most of our analysis we discard the noon auction, 

                                                 
11 Trading at last comprises less than 0.1% of the daily volume. 

12 For stocks that are not part of the DAX and do not have a designated market maker, the system also displays 

the surplus. For our sample period, this applied to very few stocks, and none in our sample. 
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as it attracts much less volume than the opening and closing auctions. Moreover, we discard 

expiry days (third Fridays of the month) from our analysis.13 

The closing auction, which again follows the same disclosure rules, is scheduled at 17:30. It 

consists of a five minute call phase and a 30 second random ending period. There is no 

trading at last for Xetra stocks in our sample.14 

Notice that the call phases of the auctions run almost simultaneously. The minor discrepancy 

concerns the German mid- and smallcap stocks, and the period before February 17th 2007. For 

both discrepancies, the German auctions start later, and could thus potentially benefit from 

price discovery on Euronext. Our analysis (reported in the next sections) indicate that 

Euronext auctions provide more price discovery and are more liquid than Xetra auctions, even 

though Xetra´s auctions start a few minutes later and last, on average, 15 seconds longer, and 

hence provide convincing evidence that transparency and a fixed ending times increases call 

auction efficiency. 

3. Data 

Our sample period spans the two years from January 2006 until December 2007. We obtain 

intraday prices and quotes for French and German stocks from SIRCA. The files contain all 

executed trades together with the traded volume and execution time as well as the best bid and 

ask quotes with their respective size and number of buyers/sellers at any point in time. 

Additional data on stock characteristics, dividends, capital structure changes, stock splits, etc. 

are obtained from Datastream. 

                                                 
13 On Euronext, the settlement prices for all derivative contracts (including those on the CAC40 index), are 

determined as the prices of the closing call auction. 

14 Only for stocks without a designated market maker, there were some trades after the auction, where the market 

maker offers the surplus for five minutes after the auction. There are none such stocks in our sample. 
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Following the literature, we control for differences in stock characteristics by constructing 

matched samples.15 We start by identifying an initial pool of securities for each exchange. For 

Euronext we choose the members of the SBF 250, which is composed of the 250 largest and 

most actively traded stocks listed on the Paris Bourse. The stocks in this index are divided 

into the CAC40 (large caps), the NEXT20 (next 20 largest stocks after CAC40), the MID100 

(mid caps) and the SMALL90 (small caps). For Xetra, we select the stocks from the Dax30 

(large caps), MDax (mid caps), SDax (small caps) and the TecDax (technology stocks, mid- 

or small cap). We restrict our sample to those stocks that have been member of any of the 

above indices during the whole sample period, and exclude all stocks that are traded on fewer 

than 495 days of the sample period in order to ensure sufficiently regular trading activity.16 

This screening reduces our pool to 125 German stocks and 199 French stocks. 

To create matched samples we consider three characteristics: trading volume in euros (x1), 

free float capitalization (x2), and the volatility as measured by the standard deviation of daily 

returns (x3). We then compute the following distance measures between German stocks i and 

French stocks j, based on the average of the characteristics during the sample period. 
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For each German stock we select the French stock which generates the lowest DISTi,j. If a 

French stock is matched to more than one German stock, we keep the pair with the lowest 

distance and rematch the German stocks with the next best French match. Finally, we require 

that the differences in the individual characteristics do not exceed a threshold by imposing: 

                                                 
15  Huang and Stoll (1996), Venkataraman (2001), and Kasch-Haroutanian and Theissen (2009), are some of the 

papers that employ a matching procedure similar to ours. 

16 During our sample period there were a total of 507 trading days on Xetra and 510 trading days on Euronext. 

Our results are not sensitive to the 495 day cut off requirement. We exclude stocks with cross listings and whose 

trading periods were shorter than regular trading hours. 
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This procedure leaves us with a final sample of 63 pairs of stocks, which we further divide in 

three size groups according to trading volume (in Euros), large caps, medium caps and small 

caps. To check robustness, we conduct our analysis on samples obtained with various 

variations of the matching procedure. None of the presented results are qualitatively different 

under alternative matching procedures.17 

- Table 1 around here - 

A list of stock pairs in our sample can be found in the appendix. Table 1 gives descriptive 

statistics for the two samples.  The quality of the matching is evident from the small and non-

systematic differences in matching characteristics. The only notable exception is that for the 

large cap stocks the Xetra stocks tend to have higher trading volumes. This finding is in line 

with Kasch-Haroutounian and Theissen (2009), who find a higher turnover for Xetra stocks. 

4. Auction liquidity 

4.1. Auction trading volume 

We start our analysis by looking at the differences in trading volumes negotiated during the 

auctions. For day t and stock i in the sample we compute an auctions´ relative trading volume 

as the proportion of total daily trading volume, d
tiVol , , that is executed during an auction x ∈ 

{o (open), c (close)}: 

     d
ti

x
tix

ti
Vol

Vol
RV

,

,
, =                                                 (3) 

                                                 
17 Among others, we changed the order of selection (starting with French instead of German stocks), and used 

different cutoff values (of data availability and distance).  We also matched on trading volume and volatility 

only. None of the alternative matching variations, nor the inclusion of expiration dates affect our main results.  
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In table 2 we report the average of the relative trading volumes across stock-days and the 

average time series standard deviations.  

We first notice severe clustering of trading activity during the auctions, particularly the 

closing auction. This pattern is consistent with the models of Admati and Pfleiderer (1988) 

and Spiegel and Subrahmaniam (1995), who show that liquidity seekers cluster their trades at 

the end of the day to reduce the equilibrium compensation for informed investors and risk-

averse liquidity providers, or by the theory of Brock and Kleidon (1992) who argue that the 

proximity of the illiquid overnight period may trigger portfolio rebalancing and hence 

increased trade at the close. To these explanations for clustering we add another: agency 

problems between investors and intermediaries. Third party trader commissions are often 

based on the difference between execution price and the value weighted average price 

(VWAP). To minimize their income variance, risk averse brokers will try to coordinate their 

trades at some fixed point in time.18 Similarly, index fund managers are incentivized on 

tracking errors that are based on closing prices, giving a more direct explanation for increased 

trading at the close. 

With respect to the differences between markets, we observe that, relative to the continuous 

trading sessions, Euronext auctions attract significantly higher trading volumes than Xetra 

auctions. To assess significance, we conduct t-tests on the differences and a binomial test on 

the number of matched stock-day pairs that saw Euronext have the highest relative volume. 

The latter test results in very high significance levels so we simply report the percentage of 

Euronext wins.19 

                                                 
18 The optimal third party brokerage incentives are modeled by Berkowitz et al. (1988), among others. An 

alternative often used benchmark is the last traded price, which induces clustering at the closing auction. This 

increases the closing price´s weight in the VWAP, which in turn atracts VWAP incentivized brokers. 

19 There are close to 10,000 stock-day observations within size group. From the binomial distribution we find 

that the 1% significance level for the exchanges having an unequal chance of seeing the higher RV lies at 51.5%.   
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The relative difference is the highest for mid- and smallcaps during the opening auctions, 

where Euronext sees almost twice the volume. This is despite the fact that for these 

subsamples, Xetra´s call phase ends slightly later. Overall, relative auction trading volumes 

are approximately 30% higher on Euronext. This lends strong support for the sunshine trading 

hypothesis, which says that by advertising their demands, liquidity seekers are able to 

coordinate so as to seek lower trading costs. 

Notice that the increased volume during the auctions sheds a different light on the findings of 

Kash-Haroutounian and Theissen (2009), who report that transactions costs are lower on 

Xetra thanks to lower raw and effective bid-ask spreads. If we include auction trading in the 

comparison of exchanges, their conclusion that transaction costs are lower on Xetra may well 

be reversed. 

---- Table 2 around here ---- 

We also compute the time series relative volume standard deviations for each stock, and 

report the cross sectional averages. Our findings suggest that Euronext auction trading 

volumes are more volatile over time, which is consistent with the sunshine trading hypothesis: 

the ability to announce trading intentions causes daily trading volume to be driven partly by 

the erratic liquidity needs of uninformed investors. On Xetra, on the other hand, liquidity 

traders have more incentive to spread their trading over the trading day, or over consecutive 

auctions or days, with the result that volumes are more stable over time.20  

Interestingly, we also find that trading volumes at the closing auction are significantly higher 

than at the opening auction. For large stocks, the turnover during the five minute closing 

auction is almost ten times the turnover during the opening, which sees only about 1% of the 

                                                 
20 Aditional evidence comes from regressing relative volumes on stock dummies and lagged relative volumes. 

We find (but do not report) that R2´s of these regressions are significantly higher for Xetra, suggesting less 

predictable auction volumes on Euronext. 
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daily volume. For small stocks, volumes are approximately the same at both auctions, at 4% 

of the daily volume. These findings contrast starkly with earlier studies: Kehr et al. (2001) 

study a sample of 15 large German stocks and find that approximately 10% of the day’s 

trading volume takes place during the opening auction. Amihud and Mendelson (1987) report 

that on the NYSE 5.6% of the daily volume is negotiated during the opening, 8.4 times as 

much as during the close. Lehman and Modest (1994) find that on the Tokyo stock exchange, 

approximately 27% of trade is executed during the opening and only 3% during the closing 

auctions. 

To check whether the large closing auction trading volumes are subject to a time trend, we 

also investigate the volumes for 2006 and 2007 separately. Results indicate that there indeed 

is a time trend that suggests that the transfer of volumes from the opening to the closing 

auction still persisted during our sample period. 

A possible explanation for our finding that small cap stocks see relatively higher volumes 

during the opening auction while large cap stocks see more turnover during the close is that 

liquidity offers traders the option to delay trade. Consider a trader who wants to exchange a 

(long or short) position in a liquid large cap stock for a position in an illiquid small cap stock 

without affecting her overnight cash holding. Since the large cap stock can always be traded 

quickly and at a small cost, the trader will try to trade the illiquid small cap stock first. If she 

is successful, the large cap stock will be traded during the remainder of the day or at the 

highly liquid closing auction.21 

                                                 
21 Lo et al. (2002) find that expected waiting time and non-execution risk increases in the bid ask spread. This is 

consistent with theories of Foucault (1999), Foucault et al. (2003) and Kaniel and Liu (2006), who show that 

wider bid ask spread motivate traders to submit limit orders instead of market orders and sacrifice timeliness and 

assume the risk of non execution. 
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4.2. Auction price impact 

To analyze the price impact during the call auctions, we compute Amihud and Amivest ratios. 

In a recent study, Goyenko et al. (2009) investigate the relative performance of liquidity 

measures and find that the Amihud ratio, an illiquidity measure computed as the time series 

average of the absolute return volume quotients, performs best. The Amivest ratio, computed 

as the time series average of the ratio of volume to absolute return, was found to be less 

reliable due to the unequal weights of low and high return days in the average.22 To alleviate 

this effect, the Amivest ratio can be computed as the ratio of the average volume and the 

average absolute returns, or as the averages of subperiod ratios. For our liquidity analysis we 

compare the following liquidity ratios, where trading volumes V are expressed in euros. 
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In the first three ratios, T stands for the number of days t in the sample. In AMV3, T stands for 

the number of calendar months and τ for the number of days in each month. 

Table 3 displays the average liquidity ratios for the different size groups on both exchanges, 

for opening and closing auctions and for the continuous trading session. Statistical 

significance is gauged by a t-test on the differences between stock pairs and a non-parametric 

Wilcoxon signed rank test. 

---- Table 3 around here ---- 

                                                 
22 The Amihud ratio was introduced in Amihud (2002). For the Amivest ratios, the zero denominator 

observations are discarded. 
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From panel C, we observe that during the continuous trading sessions, where most of the trade 

takes place, liquidity is similar for the two markets, which confirms that the matching 

algorithm employed seems to have eliminated any systematic differences in liquidity. The 

exception is the large cap group, for which the Xetra stocks tend to have higher liquidity. 

From panel A we see that on Euronext, midcap and small stocks have significantly more 

liquidity during the opening auctions than on Xetra. For large cap stocks the difference is 

lower and insignificant which can be attributed to the fact that in our sample, Xetra stocks 

tend to have higher turnover (panel C) altogether. 

Panel B provides a similar picture: Also during the closing auctions, the transparent Euronext 

mechanism sees lower average price impacts than Xetra closing auctions. The combined 

evidence so far suggests that the higher volumes during Euronext auctions see lower average 

price impacts. To assess what kind of traders contribute to the auction liquidity, we next study 

volume cross correlations. 

4.3. Volume cross correlations  

Sun (2008) argues that similarities in institutional portfolios lead to positively correlated 

trading volume. Pollet and Wilsion (2008) show that institutional investors scale their 

portfolio up or down as a reaction to in-/outflows from their principals. Finally, rebalancing 

by index funds automatically create correlated trading volume as it involves simultaneously 

trading several stocks. Hence, correlated trading volume across assets can be interpreted as a 

sign of institutional trading. Sias and Starks (1997) have looked at volume cross correlations 

to gauge institutional presence. 

Call auctions provide relatively easy access to a high volume, competitively determined price, 

which is likely to be of particular interest for institutional investors, whose trades are 

evaluated by opening, closing or value weighted average prices. We suspect that institutional 

investors such as index funds, mutual funds, and pension funds, are particularly interested in 
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trading in the closing auction, as its clearing price is a popular benchmark for portfolio 

valuations.23  

To assess the presence of institutions, we therefore study the volume cross correlations across 

stocks by computing the Pearson correlation coefficients between any two stocks during the 

auctions and the continuous trading session. Since we have total of 21 stocks in each size 

group, we obtain ½⋅63⋅62 = 1953 pairwise correlations coefficients per exchange and 210 

pairwise correlation coefficients per size group, for the auctions and the continuous trading 

session. Panel A of Table 4 reports the average cross correlations. 

---- Table 4 around here ---- 

We observe that cross-correlations are higher for Xetra across the board. This may be due to 

more institutional trading on Xetra, or to less cross sectional variation in the sample.24 To 

gauge the presence of institutions in the different auctions we therefore compute the average 

cross-correlations during the opening and closing auctions relative to the average cross 

correlation during the continuous auction. The results are displayed in Panel B. 

We observe that volume cross correlations are significantly lower during the opening auctions 

than during continuous trade. For the closing auctions, volume correlations are significantly 

higher for large caps, but lower for mid and small caps. This is consistent with institutions 

saving their large cap trades to the end of the day, while rebalancing their mid and small cap 

stocks during the day. 

Differences between exchanges are less pronounced, although for all stocks taken together 

trading volume cross-correlations during auctions are significantly higher for Euronext than 

                                                 
23 Net Asset Values are computed at closing prices and changes in index weights become effective at the close. 

These are strong incentives for risk averse fund managers to trade at the close. 
24 Notice that we did not (and cannot) match on cross correlation. Our sample may see higher volume cross 

correlation for the Xetra stocks due to exogenous reasons. 
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for Xetra. This suggests that the increased volume during Euronext auctions is mostly due to 

institutions. 
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5. Auction Price Efficiency 

Now that we established that liquidity is higher on the transparent Euronext auctions, and that 

this is mostly due to institutional trading, a natural question is whether the clearing prices are 

efficient. To assess this question we compute price discovery ratios, assess post auction price 

reversals, and investigate bid ask spreads immediately following the opening auction.  

5.1. Price discovery  

In this section we gauge to what extent prices are discovered during the auctions. We compute 

three measures of price discovery, the variance ratio (VR), the weighted price contribution 

(WPC) and the R2 of unbiasedness regressions. The first measure simply divides, for each 

stock i, the time series variance of auction returns by the variance of the day returns: 
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Where d
tir ,  denotes the close to close return during day t, and x

tir ,  denotes the return during 

auction x on day t. Intuitively, the WPC measures the proportion of a period return that is due 

to a sub-period, weighted by the absolute period return.25 

Finally, we consider the R2 of the regression of the close to close returns on the auction 

returns. Biais et al. (1999) first used such unbiasedness regressions to assess price discovery 

during the pre-opening auction of the Paris Bourse.26 

Van Bommel (2009) analyzes the statistical properties of the three measures, and shows that if 

prices follow driftless martingales, the VR, the WPC and the R2, converge to the same value. 

If however, returns have drifts and are correlated, only the R2 is a consistent estimator for the 

proportion of variance explained by the relevant auction. 

To assess the significance we conduct a t-test and a Wilcoxon signed rank test for the 

differences between the 21 pairs in each size group. 

--- Table 5 around here --- 

The results of this analysis are given in Table 5. Our first observation is that price discovery 

measures are significantly higher for the opening than for the closing auctions. The overall 

average R2 suggests that approximately 23% of the daily return variance can be explained by 

the overnight return, whereas price discovery measures for the close are around 4%. This 

finding is not too surprising as opening auctions incorporate the abundant news that comes 

available between the close and the next day´s open. 

                                                 
25 Without the weighting the statistic would have infinite variance. The WPC has been used by Cao et al. (2000), 

Huang (2002), Barclay and Hendershott (2003), Chakrabarty et al. (2009), and others. 

26 Unbiasedness regressions have since been used by Cushing and Madhavan (2000), Madhavan and 

Panchapagesan (2000), Corwin and Lipson (2000), and Chakrabarty et al. (2009), among others. 
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For our research question we are more interested in the differences of price discovery between 

Euronext and Xetra. Interestingly, the opening auctions on Euronext contribute significantly 

more to price discovery than the Xetra opening auctions. Taking the unbiasedness regressions 

R2 as a benchmark, the opening auctions on Euronext explain 27% to total daily returns, 

opposed to only 18% for the average Xetra stock. The relative differences are higher for mid 

cap and small cap stocks.  

The closing auction’s price discovery measures are relatively small. The overall average R2 

being 4.3% for Euronext stocks and 3.6% for Xetra stocks. Only for midcap stocks is the 

difference marginally significant. This is not too surprising, as the closing auction mostly 

deals with quantity discovery, not price discovery. 

5.2. Reversal analysis 

To further gauge the price efficiency of auction clearing prices we regress returns during 

subsequent trading intervals on the returns established in the auctions. In particular, we are 

interested in whether auction prices over- or undershoot, and whether there is a difference 

between the transparent Euronext auctions and the opaque Xetra auctions. To assess the 

efficiency of the opening auction we regress the returns during the first fifteen minutes of 

continuous trading on the returns established at the open. Since there is significant 

heteroskedasticity in our data, we also run a weighted least squares regressions to increase 

efficiency, where the weight of each observation is the product of the inverse of the time 

series volatility for each stock and the cross sectional standard deviation for each day.27 For 

both regressions we report Rogers standard errors.28 

                                                 
27 Breusch Pagan tests reveal a significant and strong relationship between OLS squared errors and the WLS 

weight variables.  

28 We need to consider that individual stock returns may be correlated, even the abnormal returns. Petersen 

(2009) shows that using OLS standard errors can lead two wrong inferences in panel data regresions. To account 

for this we compute clustered standard errors following Rogers (1993). 
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The results of this analysis are given in the first panel of Table 6. We find negative slope 

coefficients that are both statistically and economically significant.29 The WLS analysis 

suggests that, on the Xetra system approximately 20% of the returns established at the 

opening auction are reversed during the first fifteen minutes of continuous trading. This 

reversal is, at 17%, significantly lower on Euronext, with stronger reversals for midcap and 

smallcap stocks. 

--- Table 6 around here --- 

Notice that, for both exchanges the WLS coefficient estimates are more negative than the 

OLS coefficients. This can be explained by the higher precision of the WLS estimate and non-

linearity: Stocks and days that see small overnight returns mechanically have lower time 

series and cross sectional standard deviations, and hence receive more weight in the WLS 

regressions. The fact that WLS coefficients are more negative than OLS coefficients indicates 

that, during the open, lower absolute returns see relatively stronger reversals. Additional 

regression analysis (on lagged returns and lagged squared returns, which we omit for brevity) 

confirms this. 

To see whether return reversal is systematic or idiosyncratic we redo the analysis on portfolio 

returns, using as weights in the WLS regressions the inverse of the standard deviations of the 

cross section of returns for each day. Interestingly, the coefficients are now positive, albeit 

with less statistical and economic significance, and the pattern from large to smallcap 

portfolios is less clear. In any case, this analysis suggests that the overshooting documented in 

panel A is an idiosyncratic effect that cancels out in the portfolio regressions. For this reason 

we attempt to further increase the power of the autocorrelation regressions by regressing 
                                                 
29 Some of this reversal can be due to price discreteness. Roll (1984) shows that if stockprices take only discrete 

values, artificial autocorrelation obtains. Given the low ticksize-volatility ratio this bias cannot fully explain our 

regression analysis. The negative autocorrelation is in line with the the results of Bias et. al. (1999), who find 

betas smaller than unity in unbiasedness regressions. 
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abnormal returns on their lagged values, where abnormal refers to netting out market returns. 

The results, displayed in panel C, show an even stronger reversal: According to the WLS 

regressions approximately 31% of Xetra´s overnight returns are reversed during the first 

fifteen minutes of continuous trading. On Euronext, the percentage is 26%. 

We are not the first to document these significant return reversals. Michayluk and Sanger 

(2006) report reversal coefficients of 25% and 35% for French stocks with and without 

designated market makers. Kandel et. al. (2010) find reversal coefficients of 19%, for Italian 

stocks. The R2s of our reversal regressions (not reported) were low, at 3% on average, 

suggesting that the post auction reversals are arbitrage proof.  

We attribute the significant return reversals to an insufficient liquidity supply during auctions. 

Clearly, traders who buy (sell) with the current, overpay (receive a too low price). This 

implies that liquidity suppliers who absorb order imbalances are making an expected profit if 

it were not for transactions costs and inventory risk. Stoll (1978) argues that market makers 

who offer immediacy need to be compensated for the risk that comes with carrying inventory 

over time. Stoll (1989) and Stoll and Huang (1997) develop methods to estimate the inventory 

holding cost component of bid ask spreads that are based on autocorrelation. Aforementioned 

papers and several others estimate inventory holding cost to explain between 10% and 50% of 

bid ask spreads.30  Since in perfect competition market makers´ should be compensated only 

for transaction costs and adverse selection, we hypothesize that the statistically significant 

post auction reversals are due to an insufficient liquidity supply. 

Although the significant reversal evidence is interesting in its own right, we are mostly 

interested in the difference in reversal between Euronext and Xetra. As can be seen from the 

                                                 
30 Stoll (1989) estimates the inventory holding cost at 10% of the spread for Nasdaq stocks in 1984, Affleck 

Graves et al. (1994) find a statistic of 48% for  NYSE/AMEX stocks and 17% for Nasday stocks in 1984/1985, 

and  Huang and Stoll (1997) report an inventory holding component of 29% for 20 NYSE stocks in 1992. 
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final columns in Table 6, reversals are significantly stronger on Xetra, but only for midcap 

and smallcap stocks. This is consistent with the lower price discovery measures reported in 

the previous subsection. 

To analyze reversals booked after the closing auction, we take as the explanatory variable the 

overnight return and for the independent variable the return booked during the closing 

auction. Table 7 gives the result of this analysis. Again we see high reversal coefficients, of 

on average 40%, for both exchanges.31 However, unlike opening auction reversals, differences 

in closing auction reversals between the two systems are negligible, except for the midcap 

size category, and in the other direction: we find that closing auction returns see stronger 

reversal on Euronext. 

--- Table 7 around here --- 

Another difference with table 6 is that in table 7 the WLS coefficients are smaller than the 

OLS slope coefficients. The reason is that for the closing auction reversals are stronger for 

large absolute returns, while for opening auctions the non-linearity is in the opposite direction. 

The higher negative autocorrelation during the close can be explained by the large volumes 

negotiated at the close. Liquidity suppliers will require a higher compensation for carrying 

higher inventories overnight than for carrying smaller inventories over the first minutes of 

trading. An alternative explanation for closing auction return reversal is the increased sniping 

and price manipulation at the close. We note that sniping is more likely at the close due to the 

imminent overnight period, manipulation is more likely because the closing price´s popularity 

as benchmark for broker or fund manager compensation. Our finding that for the close there is 

slightly more reversal on Euronext could thus also be explained by there being less sniping 

and manipulation on Xetra closing auctions, thanks to the opaqueness of its mechanism. 

                                                 
31 Our results are consistent with those of Michayluk and Sanger (2006), who report reversal coefficients of 25% 

and 35% for French stocks with and without designated market makers. 
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Whereas the transparent Euronext auctions enable market participants to anticipate the price 

impact of their trades. On the opaque Xetra auctions it is more difficult for brokers and fund 

managers to find the final moment to submit orders or manipulate prices.  

5.3. Post auction bid-ask spreads and trading volumes 

To further assess price discovery during the different auctions, we analyze bid-ask spreads 

immediately after the opening auctions. A pattern of decreasing bid ask spreads has been 

reported by abundant extant research.32 This suggests that price discovery during the opening 

auction is not immediately complete. For our research question, we are interested how the 

decay in bid-ask spreads differs between the two exchanges. In order to examine this, we 

compute time weighted bid-ask spreads during five minute time intervals τ of the first hour of 

continuous trade as follows: 
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We find that bid ask spreads during the first hour of trading are higher on Xetra. During the 

first five minutes of continuous trading the time weighted spreads for the three size groups are 

0.31%, 0.72% and 0.91% for the large, mid and small cap sample respectively. For Euronext 

these numbers are 0.23%, 0.45%, and 0.68%. For the remainder of the first hour the 

differences between Xetra and Euronext continue to be highly significant. 

Part of these differences can be attributed to our sample. To control for sample related 

differences, we scale each stock-day´s TWS by the TWS of the entire day. The results, 

                                                 
32 See, e.g. McInish and Wood (1992), Chan et al. (1995). These papers also report a slight increase in bid ask 

spreads toward the end of the day. 
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displayed in panel A of Table 8, show that large caps on Xetra see bid-ask spreads during the 

first five minutes of continuous trading that are approximately three times as high as the daily 

average, while on Euronext the spreads during the first five minutes are only two and a half 

times as high. 

--- Table 8 around here --- 

The differences in relative time weighted spreads between the two exchanges are highly 

significant. The t-statistics (not reported in the table) for the first five minutes are 21, 38 and 

17, for the three size groups. To further investigate the bid ask spread decay, we report the 

relative time weighted spreads for the first five minutes in panel C. We observe that the high 

initial spreads on Xetra are strongly decaying over this short period, whereas the much lower 

relative spreads on Euronext are flat. This offers additional evidence that price discovery 

during the transparent Euronext auctions is more complete than during the opaque Xetra 

auctions. 

Interestingly, after approximately half an hour of trading, Xetra sees slightly lower spreads, 

relative to daily average. We attribute this to higher relative volumes, which are reported in 

Table 9. From this table we see that Xetra sees more trading immediately after the opening, 

despite the higher spreads. We attribute this to the lower volume during the auctions. If we 

compare the total volume during the first hour of trading (auction and continuous session), the 

volume during the first hour on both exchanges is approximately the same, at approximately 

20% of the total volume of the day. 

--- Table 9 around here --- 

Notice that the difference in volume during the first five minutes of continuous trading is 

highest for small caps. We attribute this to the fact that small stock opening auctions do not 

always see any volume at all, particularly on Xetra. This is despite the fact that they end five 
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minutes later than the large caps auctions and all auctions in Paris. On Xetra, early volumes 

are booked during the first minutes of continuous trading session instead of the auction. This 

is somewhat surprising as trades during the continuous session are subject to wide bid ask 

spreads. We hypothesize that German traders still prefer continuous trade over the auction  

because of the former´s increased transparency compared to the latter, and accept the 

significant bid ask spreads as a costs for the increased transparency. On Euronext, the auction 

system scoops up more trades at the beginning of the day, thus enhancing liquidity and 

reducing trading costs. Results in the previous subsections furthermore indicate that it also 

benefits price discovery. 

6. Conclusion 

Motivated by the ongoing controversy about the optimal degree of pre-trade transparency, we 

examine the call auctions on two major European equity markets, Euronext (Paris) and Xetra 

(Frankfurt), with respect to liquidity and price efficiency. We find that the transparent market 

is superior in terms of quantity discovery as it attracts a considerably higher proportion of 

total trading volume. We also find the price impact to be lower during transparent auctions. 

Cross sectional volume correlations are higher during the transparent Euronext auction, which 

suggests that the increased trading volumes are provided by institutional trading.  

We then study the efficiency of the clearing prices of both systems. We find that returns 

booked during the transparent Euronext auctions contributes more to price discovery than 

Xetra opening auction returns. However, we also find that, on both exchanges, auction returns 

significantly overshoot. Approximately 25% of the non-systematic opening auction returns 

are reversed during the first fifteen minutes of continuous trading, while approximately 40% 

of the returns booked during closing auctions are reversed overnight. Euronext sees slightly 

less reversal after the opening, and slightly more reversal after the close. 
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Additional evidence for incomplete price discovery is given by an analysis of bid ask spreads 

following the opening auction. On Xetra spreads are significantly wider and decay faster 

during the first hour of trading, giving further evidence that opaque Xetra auctions are less 

effective in discovering the efficient price. Volumes immediately after Xetra opening auctions 

are higher, presumably compensating for the lower volume during the auction. This is 

inefficient, as positive bid ask spreads are incurred by the traders. The inefficiency of the 

opaque mechanism is particularly severe for mid and small cap stocks.  

Our findings that the Euronext auctions see more volume, more price discovery, and smaller 

post auction bid ask spreads all favour auction transparency. Manipulation should not be an 

issue for the opening auction, and in any case, our findings of less reversal of Euronext 

opening prices, suggest that if opening prices are manipulated, it happens less so on Euronext. 

Hence, our results provide arguments for Deutsche Börse and other exchanges to employ a 

transparent auction system, at least for the opening sessions, where manipulation should not 

be a concern. Alternatively, exchanges may consider increasing transparency during the call 

phase so as to foster sunshine trading, while employing a random ending mechanism to curtail 

manipulation. Curiously, we find that currently, exchanges either combine call phase 

transparency with fixed ending times, or call phase opaqueness with random ending times. 
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Table 1: Matched Sample Descriptive Statistics 

We construct three matched samples of German and French stocks Largecaps (L), Midcaps (M) and 

Smallcaps (S). We match on trading volume, daily volatility and market capitalization. Reported are 

relevant sample statistics. 

Quantile Euronext Xetra Euronext Xetra Euronext Xetra

Mean 105.1 121.8 1.78 1.75 14,835 14,155
Median 71.1 62.8 1.65 1.79 7,089 6,216

StDev 101.7 129.9 0.36 0.38 17,726 18,064

Mean 8.4 8.5 2.12 2.05 1,321 1,262
Median 6.7 6.0 1.95 2.08 1,218 1,048

StDev 5.8 5.6 0.69 0.67 808 757

Mean 1.2 1.2 1.96 2.09 354 387
Median 1.2 1.2 1.90 2.07 275 275

StDev 0.6 0.6 0.42 0.47 190 275

Mean 38.2 43.8 1.95 1.96 5,504 5,268
Median 6.7 6.0 1.90 1.98 1,218 1,178

StDev 75.0 92.5 0.52 0.54 12,082 12,072

L 
(N=21)

S 
(N=21)

ALL 
(N=63)

M 
(N=21)

Trading volume         
(daily in Mio. €) Daily volatility (%)

Free float capitalization   
(Mio. €)
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Table 2: Relative auction trading volumes 

For each day and stock we compute the trading volume during the opening and closing auction as a 

percentage of the trading volume during the day. The first rows in each panel give the overall means 

across the approximately 10,000 observations. We assess the statistical significance between the two 

exchanges using a t-test and a non-parametric counting test of Euronext wins. The second rows give 

the averages of the time series standard deviations. The third and fourth rows illustrate the time trend 

of decreasing opening and increasing closing auction volumes.  

Eunxt Xetra t p
obs. 
E>X     Eunxt Xetra t p

obs. 
E>X Eunxt Xetra t p

obs. 
E>X

mean 1.17 0.83 *** * 81% 2.12 1.04 ***  * 95% 4.40 2.39 ***  * 89%

mean st. dev. 1.17 0.71 *** ***  2.24 1.33 ***  ***  5.54 3.86 ***  ***  

2006 mean 1.27 0.81 *** * 90% 2.36 1.14 ***  * 95% 5.32 2.74 ***  * 92%
2007 mean 1.08 0.85 *** * 73% 1.88 0.94 ***  * 95% 3.46 2.03 ***  * 87%
Time trend t (***) *  (***) (**) (***) (***)
Time trend np (**) *  (**) (**) (***) (***)

Eunxt Xetra t p
obs. 
E>X Eunxt Xetra t p

obs. 
E>X Eunxt Xetra t p

obs. 
E>X

mean 10.34 7.87 *** * 93% 5.93 5.27 ***  * 71% 4.06 3.39 ***  * 63%

mean st. dev. 4.67 4.04 ** **  4.55 4.35 - - 5.64 3.51 ***  ***  

2006 mean 9.98 7.27 *** * 94% 5.69 4.64 ***  * 80% 4.08 2.98 ***** 66%
2007 mean 10.70 8.48 *** * 92% 6.15 5.90 ** * 62% 4.04 3.81 ** * 60%
time trend t ** ***  ** ***  - ***  

time trend np ** ***  * ***  - ***  

Panel B: Closing Auction
LargeCaps SmallCaps

MidCaps SmallCaps

Panel A: Opening Auction

LargeCaps

MidCaps
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Table 3: Call auction liquidity 

For each stock and auction we compute the Amihud ratio, and three Amivest ratios: 

∑
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stands for trading volume in euros. We average across stocks for each size group, and report the 

inverse of the Amihud and the Amivest ratios, in euros per basispoint of return. Significance levels are 

gauged with a two-sided t-test (t) and a Wilcoxon signed rank test (np). ***, **, and * indicate 

significance at the 1%, 5% and 10% level, respectively. 

€ / BP

Eunxt Xetra t np Eunxt Xetra t np Eunxt Xetra t np Eunxt Xetra t np

L 14.63 14.13 - - 36.88 44.47 - - 19.02 19.15 - - 20.33 19.78 - - 1,000
M 10.66 2.49 *** *** 43.32 19.57 *** *** 19.91 9.80 *** *** 22.17 10.10 *** *** 100
S 12.19 7.15 ** ** 113.15 66.99 *** *** 54.55 31.48 *** *** 62.10 32.12 *** *** 10

€ / BP

Eunxt Xetra Eunxt Xetra Eunxt Xetra Eunxt Xetra

L 6.35 5.70 ** ** 15.65 16.22 - - 7.45 7.11 - - 7.73 7.29 - - 100,000
M 1.69 1.25 - * 6.19 4.81 * ** 2.74 2.38 - - 2.97 2.50 * - 10,000
S 0.19 0.12 - - 3.73 2.41 *** *** 1.65 1.18 * ** 1.79 1.25 ** ** 1,000

€ / BP

Eunxt Xetra Eunxt Xetra Eunxt Xetra Eunxt Xetra

L 8.14 9.63 (*) - 27.27 35.27 (*) (*) 8.92 10.64 (*) (**) 9.27 11.21 (**) - 100,000
M 4.68 5.05 - - 21.99 21.66 - - 6.40 6.24 - - 6.99 6.55 - - 10,000
S 4.75 5.24 - - 28.16 24.46 * - 8.97 8.20 - - 9.56 8.72 - - 1,000

Panel A: Opening Auction

Amihud-1 Amivest1 Amivest2 Amivest3

Amihud-1 Amivest1 Amivest2 Amivest3

Panel B: Closing Auction

Amivest3

Panel C: Continuous Trading

Amihud-1 Amivest1 Amivest2
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Table 4: Volume Cross Correlations 

For each stock pair of the Euronext and Xetra stock samples, we compute the Pearson correlation 

coefficient for time series trading volumes, for the open and closing auctions and the continuous 

trading session. We report the averages in panel A. Panel B gives the averages of the stock-pairs´ cross 

correlation of the opening and closing auction, relative to the cross correlation during the continuous 

trading session. Asterisks next to the averages indicate whether the volume cross correlation during 

the auction is higher than during continuous trade. The asterisks in the final columns indicate the 

statistical significance of the differences in slopes between exchanges.  

obs. Euronext Xetra Xetra Xetra

L 210 0.067 0.124 0.267 0.286

M 210 0.078 0.058 0.234 0.220

S 210 0.081 0.098 0.142 0.079

ALL 1953 0.062 0.082 0.205 0.164

obs. Euronext Xetra

L 210 0.377 (***) 0.466 (***)

M 210 0.637 (***) 0.248 (***)

S 210 0.928 (**) 0.688 (***)

ALL 1953 0.513 (***) 0.399 (***)

0.108

Closing Auction

1.071  **

0.937 (**)

0.555 (***)

0.800 (***)

-

**

Opening Auction

*

*

***

0.782 (***)

0.849 (***)

0.899 (***)

Euronext

0.177

0.122

0.088

0.120

Panel B:  Volume cross correlations relative to average continuous trading cross correlation

-

Opening Auction Continuous Trading Closing Auction

Enxt-Xetra

-

Enxt-Xetra

-

Euronext

1.276  ***

Xetra

Panel A:  Average trading volume cross correlations

size 
group

size 
group Euronext

0.225

0.095

0.074
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Table 5: Call auction price discovery 

For each stock we compute the opening auction returns (ro) from the previous close and the clearing 

price, and the closing auction returns (rc) from the last midquote before the call phase and the clearing 

price. We then compute, for each auction x = {o,c}, the variance ratio, the weighed price contribution 

td

tx
T

t Ts sd

td

r
r

r
r

WPC
i

,

,

1 ..1 ,

,∑∑= =

=  and the R2 of the unbiasedness regression of day return (rd) on the auction 

return. We report the averages within each sample and gauge the statistical significance between the 

two exchanges a paired t-test and a Wilcoxon signed rank test. ***, **, and * indicate significance at 

the 1%, 5% and 10% level, respectively.  

Euronext Xetra t np Euronext Xetra t np Euronext Xetra t np

L 0.335 0.275 - - 0.262 0.250 - - 0.249 0.221 ** -

M 0.451 0.306 ** * 0.329 0.165 *** *** 0.244 0.202 *** **

S 0.353 0.247 *** *** 0.218 0.122 *** ** 0.233 0.174 *** ***

all 0.380 0.276 *** *** 0.270 0.179 *** *** 0.242 0.199 *** ***

Euronext Xetra t np Euronext Xetra t np Euronext Xetra t np

L 0.015 0.015 - - 0.026 0.015 - - 0.013 0.011 - -

M 0.029 0.019 ** * 0.040 0.024 * ** 0.036 0.026 - *

S 0.062 0.062 - - 0.062 0.069 - - 0.076 0.065 - -

all 0.035 0.032 - - 0.043 0.036 - - 0.041 0.034 - -

Variance Ratio

Panel B: Closing Auction price discovery measures

Panel A: Opening Auction price discovery measures

Variance Ratio

unbiasedness R 2

unbiasedness R 2

WPC

WPC
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Table 6: reversal regressions for opening auctions 

We regress post-open returns on the opening auction returns: ti
o
ti

po
ti rr ,,, ε+β+α= , where po

tir ,  is 

computed with the auction´s clearing price and the quote midpoint after fifteen minutes of continuous 
trading. We do this for the panel data in each size group (panel A), for equally weighted portfolios 
(panel B), and for abnormal returns relative to the market returns (Panel C). Regression R2´s are all 
below 6%. The WLS weights are the products of the inverse of the time series volatility for stock i and 
the inverse cross sectional standard deviation for day t. ***, **, and * indicate significance levels (1%, 
5% and 10%) for the difference from zero. Rogers standard errors are given in parentheses. The 
asterisks in the final columns indicate the statistical significance of the differences in slopes between 
exchanges. 

L -0.082 *** -0.065 *** - L -0.134 *** -0.136 *** -
(0.019) (0.017) (0.014) (0.013)

M -0.069 *** -0.148 *** *** M -0.180 *** -0.279 *** ***
(0.017) (0.020) (0.014) (0.017)

S -0.141 *** -0.151 *** - S -0.213 *** -0.247 *** **
(0.020) (0.016) (0.012) (0.015)

all -0.090 *** -0.124 *** * all -0.170 *** -0.208 *** ***
(0.013) (0.016) (0.010) (0.011)

L 0.050 *** 0.011 - - L 0.042 * 0.006   - -
(0.022) (0.013) (0.021) (0.016)

M 0.119 *** 0.062 *** * M 0.077 *** 0.018   - *
(0.030) (0.019) (0.030) (0.021)

S 0.010   - 0.126 *** - S -0.001   - 0.062 *** -
(0.020) (0.074) (0.019) (0.037)

all 0.068 *** 0.060 *** - all 0.050 *** 0.024 ** -
(0.011) (0.010) (0.013) (0.014)

L -0.139 *** -0.108 *** - L -0.272 *** -0.253 *** -
(0.038) (0.038) (0.013) (0.014)

M -0.084 *** -0.219 *** *** M -0.264 *** -0.364 *** ***
(0.022) (0.032) (0.013) (0.013)

S -0.170 *** -0.237 *** ** S -0.248 *** -0.317 *** ***
(0.026) (0.021) (0.012) (0.012)

all -0.127 *** -0.195 *** *** all -0.262 *** -0.311 *** ***
(0.018) (0.023) (0.008) (0.008)

Xetra

Euronext

Euronext EuronextXetra

Euronext Xetra Euronext

diff. sizeXetra Euronext

Ordinary Least Squares Weighted Least Squares
size diff. size diff.

Xetra
Xetra

Xetra
Ordinary Least Squares Weighted Least Squares

size
Euronext Xetra

Ordinary Least Squares Weighted Least Squares
size

Euronext
diff. size diff.

Xetra

Panel A: panel data regression of post-open returns on preceding close-to-open returns

Panel B: Regression of post-open portfolio returns on preceding portfolio close-to-open returns

Panel C: regression of post-open abnormal returns on preceding abnormal close-to-open returns

diff.Euronext

 



 41

Table 7: reversal regressions for closing auctions 

We regress overnight on previous day´s closing auction returns: ti
c
ti

o
ti rr ,1,, ε+β+α= −  for the panel 

data in each size group (panel A), for equally weighted portfolios (panel B), and for abnormal returns 
where the market returns are subtracted from the ri,t´s (Panel C). Intercepts are around 0.01% per day, 
R2´s are all below 5%. The WLS weights are the products of the inverse of the time series volatility for 
stock i and the inverse cross sectional standard deviation for day t. ***, **, and * indicate significance 
levels (1%, 5% and 10%) for differences from zero. Rogers standard errors are given in parentheses. 
In the final column of each regression, the asterisks indicate whether the slope coefficients are more 
negative for Xetra. 

L -0.231 *** -0.316 *** - L -0.206 *** -0.194 *** -
(0.056) (0.104) (0.048) (0.060)

M -0.482 *** -0.315 *** ** M -0.443 *** -0.303 *** ***
(0.081) (0.050) (0.040) (0.043)

S -0.477 *** -0.454 *** * S -0.427 *** -0.455 *** -
(0.033) (0.032) (0.024) (0.021)

all -0.446 *** -0.399 *** - all -0.389 *** -0.382 *** -
(0.033) (0.030) (0.020) (0.020)

L 0.118 -0.546 - - L 0.110 -0.177 -
(0.373) (0.372) (0.305) (0.331)

M 0.398 0.088 - - M -0.066 -0.034 -
(0.363) (0.304) (0.255) (0.256)

S -0.013 -0.120 - - S -0.295 * 0.113 -
(0.010) (0.194) (0.149) (0.242)

all 0.158 -0.060 - all -0.091 -0.031 -
(0.176) (0.179) (0.143) (0.167)

L -0.281 *** -0.282 *** - L -0.231 *** -0.193 *** -
(0.058) (0.115) (0.033) (0.044)

M -0.551 *** -0.351 *** *** M -0.390 *** -0.328 *** -
(0.076) (0.049) (0.032) (0.039)

S -0.491 *** -0.473 *** - S -0.401 *** -0.461 *** **
(0.033) (0.031) (0.022) (0.020)

all -0.482 *** -0.416 *** - all -0.361 *** -0.381 *** -
(0.031) (0.025) (0.016) (0.017)

Panel A: Panel data regression of close-to-open returns on preceding closing auction returns

Ordinary Least Squares Weighted Least Squares

size
Euronext Xetra

diff. size diff.Euronext Xetra Euronext Xetra

Panel B: regression of close-to-open portfolio returns on preceding closing auction returns

Ordinary Least Squares Weighted Least Squares

size
Euronext Xetra

diff. size diff.Euronext Xetra Euronext Xetra

Panel C: regression of close-to-open abnormal returns on preceding closing auction returns

Ordinary Least Squares Weighted Least Squares

size
Euronext Xetra

diff. size diff.Euronext Xetra Euronext Xetra
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Table 8: Bid-ask spreads during the first hour of trading 

For each stock-day we compute the time weighted bid ask spread during five minute intervals, and 

divide each observations by the time weighted spread during the day. Panel A gives the average across 

size groups and trading systems. Panel B gives the relative time weighted spreads for the first one 

minute intervals of continuous trading. We assess the statistical significance between the two 

exchanges using a paired t-test. ***, **, and * indicate significance at the 1%, 5% and 10% level, 

respectively. The trend test in the final row is based on all the differences between the average values 

between consecutive minutes. 

Euronext Xetra t Euronext Xetra t Euronext Xetra t

1 2.499 2.993 *** 2.220 3.141 *** 1.577 1.841 ***

2 2.101 2.155 *** 2.153 2.523 *** 1.653 1.729 ***

3 1.785 1.819 *** 1.925 2.112 *** 1.590 1.601

4 1.625 1.619 1.734 1.816 *** 1.505 1.496

5 1.518 1.497 (*) 1.596 1.651 *** 1.434 1.412 (*)

6 1.461 1.432 (**) 1.526 1.547 * 1.377 1.356 (*)

7 1.392 1.371 (*) 1.466 1.466 1.343 1.315 (*)

8 1.321 1.333 1.378 1.392 1.297 1.266 (*)

9 1.261 1.254 1.303 1.293 1.243 1.215 (*)

10 1.204 1.210 1.228 1.241 1.193 1.185

11 1.187 1.196 1.203 1.203 1.172 1.162

12 1.175 1.159 (*) 1.176 1.162 1.153 1.137 (*)

Euronext Xetra t Euronext Xetra t Euronext Xetra t

1 2.486 3.494 *** 2.173 3.381 *** 1.632 1.936 ***

2 2.645 3.205 *** 2.258 3.274 *** 1.547 1.864 ***

3 2.473 2.990 *** 2.231 3.179 *** 1.574 1.844 ***

4 2.422 2.741 *** 2.218 3.041 *** 1.604 1.832 ***

5 2.381 2.540 *** 2.248 2.887 *** 1.649 1.803 ***

Trend - *** - *** - **

5 minute 
interval

Large Caps Mid Caps Small Caps

Panel B: relative time weighted spreads during the first five minutes

1 minute 
interval

Panel A: time weighted spreads scaled by time weighted spread during the day

Large Caps Mid Caps Small Caps

 



 43

Table 9: Relative post auction trading volumes 

For each day and stock we compute the trading volume during the first five minutes of continuous 

trade as a proportion of the trading volume during the trading day. Panel A gives the averages across 

size groups and trading systems. Panel B gives the relative time weighted volumes for the first one 

minute intervals of continuous trading. ***, **, and * indicate significance at the 1%, 5% and 10% 

level, respectively, of Xetra having the higher relative volume. The trend test in the final row is based 

on all the differences between the average values between consecutive minutes. 

Euronext Xetra t Euronext Xetra t Euronext Xetra t

1 0.936 1.102 *** 0.955 1.072 *** 1.199 1.766 ***

2 0.999 1.021 0.993 0.906 (**) 1.127 1.099

3 0.906 0.971 *** 0.869 0.881 0.944 0.942

4 0.868 0.976 *** 0.862 0.914 0.945 0.944

5 0.838 0.942 *** 0.872 0.875 0.899 1.014 **

6 0.842 0.941 *** 0.881 0.954 * 0.928 0.954

7 0.844 0.935 *** 0.852 0.964 *** 1.002 0.991

8 0.851 0.933 *** 0.924 0.969 0.929 0.940

9 0.853 0.917 *** 0.894 0.945 0.945 0.949

10 0.829 0.872 ** 0.873 0.914 0.965 0.926

11 0.802 0.873 *** 0.830 0.926 *** 0.933 0.884

12 0.822 0.902 *** 0.828 0.958 *** 0.900 0.894

Euronext Xetra t Euronext Xetra t Euronext Xetra t

1 0.201 0.304 *** 0.213 0.369 *** 0.295 0.701 ***

2 0.177 0.200 *** 0.184 0.167 0.230 0.289 **

3 0.195 0.202 0.205 0.166 (**) 0.230 0.261

4 0.182 0.196 ** 0.179 0.180 0.229 0.243

5 0.181 0.200 *** 0.174 0.191 0.215 0.272 **

Trend - * - ** - ***

5 minute 
interval

1 minute 
interval

Large Caps Mid Caps Small Caps

Panel A:  Volume scaled by the daily total volume (%)

Panel B: Relative trading volume during the first five minutes
Large Caps Mid Caps Small Caps
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Figure 1: Display of price and volume information during the auction 

The top figure illustrates what traders on Euronext see during the call phase. The first row gives the 

market orders and the buy (sell) orders with limits above (below) the clearing price. The clearing price 

is highlighted in the secong row. During the call phase the numbers change continuously. The middle 

picture depicts what traders on Xetra see during the call phase, given the same order book. The bottom 

picture is what traders on both exchanges see if the auction would end at the beginning of the 

continuous trade.  

Figure 1a: Euronext Display 

Volume Price Price Volume
1,452 mkt mkt 2,367
3,478 10.04 10.04 6,534

560 10.03 10.05 2,000
1,670 10.02 10.07 110

460 10.01 10.08 985
2,367 10.00 10.09 56

Bid Ask

 

 

Figure 1a: Xetra Display 

Price Volume Surplus
10.04 4,930 3,971  

 

Figure 1c: Subsequent Continuous Trade Display 

Volume Price Price Volume
560 10.03 10.04 3,971

1,670 10.02 10.05 2,000
460 10.01 10.07 110

2,367 10.00 10.08 985

Bid Ask
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Appendix 

Xetra Euronext Xetra Euronext
ALTANA CGG VERITAS AMB GENERALI BIC
BEIERSDORF SODEXHO ALLIANCE ARQUES INDUSTRIES BULL REGPT
COMMERZBANK RENAULT BILFINGER BERGER NEXANS
DAIMLER SOCIETE GENERALE CELESIO CNP ASSURANCES
DEUTSCHE BOERSE LAFARGE DEUTSCHE EUROSHOP CLARINS
DEUTSCHE POST AG CREDIT AGRICOLE DEUTZ HAULOTTE GROUP
E.ON BNP PARIBAS DOUGLAS HOLDING HAVAS
FMC VZ EIFFAGE HANNOVER RUECK DASSAULT SYSTEMES
HENKEL VZ GAZ DE FRANCE HEIDELBERGCEMENT EULER HERMES
HOCHTIEF ATOS ORIGIN HUGO BOSS VZ TELEPERFORMANCE
HYPO REAL ESTATE CAP GEMINI IVG PAGESJAUNES
INFINEON PEUGEOT KRONES GROUPE STERIA
LANXESS SAFRAN MLP UBISOFT ENTERTAIN
LUFTHANSA STMICROELECTRONICS MPC ALTEN
MAN ALSTOM PREMIERE SOITEC
MERCK AIR FRANCE -KLM RHOEN KLINIKUM CIMENTS FRANCAIS
MUENCHENER RUECK CARREFOUR SOFTWARE NEXITY
PUMA TF1 SUEDZUCKER MAUREL ET PROM
RWE AG FRANCE TELECOM TELE ATLAS FONC DES REGIONS
SALZGITTER TECHNIP VIVACON NICOX
STADA VALEO WINCOR NIXDORF BOURBON

Xetra Euronext

ADVA DERICHEBOURG
BB BIOTECH BIOMERIEUX
COMDIRECT BANK IMS INTL METAL SCE
CTS EVENTIM STALLERGENES
CURANUM WAVECOM
DEUTSCHE BETEILIG ASSYSTEM
DRAEGERWERK VZ RODRIGUEZ GROUP
DYCKERHOFF VZ DELACHAUX
ELEXIS DEVOTEAM
ELRINGKLINGER MANITOU BF
FIELMANN SECHILIENNE SIDEC
FUCHS PETROLUB IPSOS
GERRY WEBER BOURSORAMA
GRAMMER LISI
HCI CAPITAL FAURECIA
JUNGHEINRICH VZ EUROFINS SCIENT
KOENIG + BAUER PLASTIC OMNIUM
PFEIFFER VACUUM SECHE ENVIRONNEM
ROFIN SINAR VILMORIN & CIE
SIXT GFI INFORMATIQUE
TAKKT SWORD GROUP

High turnover stocks (Large Caps, L) Medium turnover stocks (Mid Caps, M)

Low turnover stocks (Small Caps, S)
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