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Abstract

Recent contributions to microstructure theory hint at commonalities in the price-depth
pairs which constitute the open limit order book. In this paper we provide empirical
evidence that indeed a small number of latent factors, two for each side of the book,
capture most of the variation in the price-depth pairs. The results also indicate that a
heterogenous trader population is active on the buy and sell sides. The respective latent
factors explaining the buy and sell side variation exhibit specific dynamics. When we
exploit results from microstructure theory to empirically assess whether the majority of
the book variation is due to either informational effects or non-informational fluctuations

of liquidity we obtain mixed results.
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During the last decade, automated auction systems have gradually become the most widely
used trading structure of equity markets. Nowadays, most exchanges are organized either as
pure automated auction markets or hybrid trading systems combining features from auto-
mated auction and dealership markets (see e.g. Domowitz (1993) for a taxonomy of trading
systems). Examples of the former include Euronext, the Frankfurt Stock Exchange, the Hong-
Kong and the Australian stock exchange, and Electronic Crossing Networks such as Island
or Instinet. Important market maker and dealer markets, among those the New York Stock
Exchange (NYSE) and the London Stock Exchange, have recently adopted one of the key
features of automated auction systems, namely the public display of the limit order book.!
The order book consolidates the committed liquidity supply by displaying the sorted prices
and volumes of non-executed limit orders.

Over the same period, academic research on automated auction markets has surged and
many papers have investigated the characteristics of such markets. Most of these studies
focus on the provision of liquidity and the interaction between market orders and limit orders
(Biais, Hillion, and Spatt (1995), Ahn, Bae, and Chan (2001), Bae, Jang, and Park (2003)),
the influence of volatility on the dynamics of the trading process (Beltran, Durré, and Giot
(2004)), the trading costs of such structures (Degryse (1999), Venkatamaran (2001)), or the
information content of the limit order book (Cao, Hansch, and Wang (2004 ), Irvine, Benston,
and Kandel (2000) and Coppejans, Domowitz, and Madhavan (2002)). However, partially
due to a lack of suitable data, only a few papers have conducted empirical analyses of the
behavior of the limit order book beyond the best prices.

Recent developments in market microstructure theory hint at commonalities in the price-
depth pairs displayed in the limit order book. According to Glosten (1994), limit order traders
post orders whose characteristics (limit price and volume) depend on the underlying expected
value of the stock and protect themselves against adverse price changes in the value of the
security (the so-called picking-off risk). One could therefore argue that a single latent factor,
the expected value of the stock, affects all price-volume pairs. The papers by Parlour (1998)
and Foucault, Kadan, and Kandel (2003) suggest the existence of another latent variable

explaining the variation of the order book. This can be motivated as follows. Orders are

! An important example is the NYSE open book program. Since January 2002, the NYSE has publicly
displayed all limit orders



executed according to both time and price priorities. The limit order with the best price
is executed first, and for equal prices the order submitted first has precedence. When the
book is thick, limit order traders may have to wait for a long time before their order gets
executed. If traders bear waiting costs, they may post limit orders closer to the best quote
(or undercut it) to get a better position in the queue and shorten the time to execution of the
order. Traders thus face a trade-off between the price improvement brought about by a limit
order and the quick execution resulting of a market order or an aggressive limit order which
jumps ahead of the order queue. Order submission trade-offs may therefore explain part of

2 These considerations suggest that two latent variables affect the

the order book variation.
state of the order book, one information-driven and one liquidity-driven. The papers cited
above assume some degree of symmetry between the buy and sell side of the order book. One
should therefore presume that informational and liquidity factors, if they exist, are identical
for both sides of the book. However, if heterogenous traders with different liquidity needs
and risk aversion place orders on both sides of the book, different factors may explain the
variation of the buy and sell sides of the order book.

This paper aims to provide empirical evidence about these issues by addressing the fol-

lowing questions:

1. Do the price-depth pairs in a limit order book feature commonalities? In other words,
can liquidity supply displayed in the limit order book be ‘summarized’ with a small

number of latent factors?

2. Do both sides of the book feature the same commonalities or are different factors re-
quired to explain buy and sell side liquidity (heterogeneity of buy and sell limit order

traders)?

2In Foucault, Kadan, and Kandel (2003), the choice between market and limit orders depends on the
maximization of the gain from the trade. As impatient traders incur larger waiting costs, they are more likely
to post market orders and thus demand liquidity, whereas patient traders incur smaller waiting costs and are
thus ready to provide liquidity by means of limit orders. Consequently, the shape of the book depends first on
the mix between patient and impatient traders, and second on the order arrival rate. When the proportion of
patient traders increases, the likelihood of an execution decreases as these traders submit mainly limit orders.
Therefore, when the proportion of patient traders increases, more aggressive limit orders, and thus smaller

inside spreads and larger book spreads, are to be expected.



3. Can the extracted factors be related to the behavior of market participants? If yes, is

this behavior compatible with predictions of market microstructure theory?

4. Can we decide whether the majority of the book variation is due to informational effects

or non-information related fluctuations in liquidity?

In our empirical analysis, we use Frankfurt Stock Exchange (FSE) order book data from
the Xetra trading system for all stocks constituting the DAX30 index.? Like the other impor-
tant continental European trading system, Euronext, Xetra is an automated auction system
with an open limit order book. No designated market makers exist for the most frequently
traded stocks. In contrast to the NYSE or NASDAQ, the Xetra order book at the FSE faces
no significant competitor in the hunt for liquidity. Although a floor trading system (also op-
erated by the FSE) and some local exchanges offer alternatives to the Xetra book, these other
trading venues only account for a small amount (2% to 5%) of the total trading activity. Some
of the stocks are also cross-listed at foreign trading venues, like the NYSE (DaimlerChrysler
is the most prominent example). However, compared to the home market the foreign trading
volume is also small.

The data used in the paper come directly from the Xetra production system. They
include all necessary information to re-build order books at any chosen time. The FSE is
using the data for internal reporting purposes which ensures their high quality and enables
us to correctly reconstruct the real time sequence order books for each of the thirty stocks
during the three month period. The data present an unique opportunity to analyze the
market participants’ behavior in a framework close to the one described by theoretical papers
focusing on order books, e.g. by Glosten (1994).

The original contribution of the paper is to search for commonalities in limit order book,
first separately for each side of the book, then jointly. We employ principal components
analysis (PCA) and interpret the extracted factors in light of recent contributions of market
microstructure theory of order book markets. In a regression framework using explanatory
variables suggested by microstructure theory we associate the extracted principal components

with informational and liquidity effects. We also provide a detailed analysis of the sources of

3The DAX30 is the value weighted index of the thirty largest German stocks and one of the leading European
stock indexes, along with the French CAC and the British FTSE. The Xetra system also operates at the Dublin

and Vienna stock exchanges and at the European Energy Exchange



intra-day variation of liquidity supply. The PCA is conducted for the visible portion and for
the complete order book.*.

The main results can be summarized as follows. Two principal components already provide
an explanatory power of more than 92% in a ‘one-sided’ analysis, i.e. when the PCA is
conducted separately for the buy and the sell side of the order book. We explain that the
effect of the first principal component is a shift of the supply and demand curves while the
second principal component acts on the slope of the book. The distinction of the order
book sides seems mandatory. We provide empirical evidence that the bid and ask sides
of the book are driven by distinct, although related factors. When we use the PCA on
both sides of the book, four factors are needed to achieve a similar explanatory power as in
the ‘one-sided’ analysis. We interpret this as evidence that the order book market attracts
heterogeneous population of limit order traders who need not be active on both sides of the
market at the same time. Furthermore, we show that the visible and hidden portions of the
limit order book share common dynamics although there are clear idiosyncracies. In accord
with what has been documented for other exchanges, we conclude that the Xetra system is
characterized by a relatively poor liquidity at the start of the trading day, which is consistent
with the asymmetric information hypothesis. We show that this diurnality is captured by the
first extracted factor which exhibits a pronounced L-shaped intra-day-seasonality matching
the time-of-day volatility pattern. Averaged across stocks, the first principal component
accounts for almost 80 % of the book variation while the second principal component explains
on average about 15 % of the book variation. When we exploit results from microstructure
theory to empirically assess whether the majority of the book variation (accounted for by the
first principal component) is due to informational effects or non-informational fluctuations
of liquidity we obtain somewhat ambiguous results. Time series evidence suggests that both
first and second principal component are associated with informational effects as well as
non-informational fluctuations of liquidity, while cross sectional regressions indicate that the
majority of the book variation is due to non-informational liquidity processes.

The remainder of the paper is organized as follows. Section I outlines the market struc-
ture and provides a descriptive analysis of the data. In section II we review the empirical

methodology. Section III reports the results of the principal components analysis applied to

4Similar to Euronext, the Xetra trading rules allow to hide part of a limit order



the reconstructed order books. Section IV sheds light on the interpretation of the extracted

factors from a market microstructure point of view. We conclude in section V.

I. Market structure and liquidity measures

A. The Xetra open order book

Xetra is an open order book system developed and maintained by the German Stock Ex-
change.® It has operated since 1997 as the main trading platform for German blue chip
stocks at the Frankfurt Stock Exchange. Between an opening and a closing call auction - and
interrupted by another mid-day call auction - trading is based on a continuous double auc-
tion mechanism with automatic matching of orders based on the usual rules of price and time
priority. During pre- and post-trading hours it is possible to enter, revise and cancel orders,
but order executions are not conducted, even if possible. Trading hours extend from 9 a.m.
C.E.T to 5.30 p.m. C.E.T. For the DAX30 stocks there are no designated market makers.
Traders have access to the full order book, except hidden shares coming from so-called iceberg
orders. An iceberg or ‘hidden’ order is similar to a limit order in that it has pre-specified
limit price and volume. The difference is that a portion of the volume is kept hidden from
the other traders that is not visible in the open book. The visible portion of the iceberg
order, called the ‘peak’, enjoys full price and time priorities (as any limit order). The hidden
portion only gets price priority. All disclosed volumes are executed first, even if those volumes
entered the book after the iceberg order submission. When a market order hits the hidden
portion, a new portion of the iceberg order (equal to the peak size) is revealed to the market
participants and is granted time priority over subsequent order submissions. Consequently, a
trader submitting a market order may receive an unexpected price improvement if her mar-
ket order is executed against a hidden order. Iceberg orders are convenient for some market
participants as they provide a tool to hide investment decisions. Whether those decisions are
liquidity-motivated or informed remains an open question. In the realm of limit order book
markets, the Xetra system is thus very close to the Euronext trading system (at the time of
this writing, the Euronext trading system encompasses the Amsterdam, Brussels, Lisbon and

Paris stock exchanges), see e.g. Biais, Hillion, and Spatt (1995). Xetra is also very close to

5See Deutsche Borse AG (1999) for a detailed description of the Xetra system.



the trading system used at the Hong Kong stock exchange, which has been recently studied
by Ahn and Cheung (1999), Brockman and Chung (1999) or Ahn, Bae, and Chan (2001). A
Xetra market design feature which makes the data for the purpose of our study preferable
is that market orders exceeding the volume at the best quote are allowed to ‘walk up the
book’. In other words, market orders are guaranteed immediate full execution, at the cost of
incurring a higher price impact on the trades.The liquidity measure used in the present paper
and discussed in the next subsection implicitly assumes that a ‘walk up the book’ is possible.

For the purpose of this paper the German Stock Exchange granted access to a database
containing complete information about Xetra order book events (entries, cancellations, revi-
sions, expirations, partial-fills and full-fills of market, limit, and iceberg orders) that occurred
during the first three months of 2004 (January, 2nd - March, 31st). The data encompasses
the 30 stocks belonging to the DAX30 index. Based on the event histories we perform a real
time reconstruction of the order book sequences. Starting from an initial state of the order
book, we track each change in the order book implied by entry, partial or full fill, cancellation
and expiration of market, limit, and iceberg orders. This is done by implementing the rules
of the Xetra trading protocol in a GAUSS program. Although running an exhaustive battery
of consistency checks no errors occur during the reconstruction process. From the resulting
real-time sequences of order books, snapshots at 5-minute intervals during the continuous
trading hours were taken (102 observations per trading day). For each snapshot, the order
book entries were sorted on the bid (ask) side in price descending (price ascending) order. As
iceberg orders are not fully disclosed to market’s participants, we reconstruct, at each point
in time, two limit order books. First, we have the visible order book, which contains all limit
orders as well as the visible portion of the iceberg orders. Second, we study the complete
order book that features all orders, including the hidden portions.

Table I presents some characteristics of the DAX30 stocks. Liquidity supply for these
stocks is indeed quite active, as on average 13,000 (11,000) non-marketable limit orders per
stock are submitted (cancelled) each day. Implicit transaction costs are relatively small with
relative spreads ranging from 0.04 to 0.14%. On average, 2,100 trades per stock are executed
each day and on average 15.2% of these walk up the book (i.e. they are matched by standing
limit orders beyond the best bid and ask prices). We refer to those events as ‘aggressive

trades’.



B. Measuring liquidity beyond the best quotes: the price impacts

Automated auction markets enforce price and time priority rules which govern the trading
process. This implies that the price impact of a buy (sell) market order is an increasing
(decreasing) function of the trade size. The available pre-trade liquidity of the book can be
characterized by the unit price for selling v shares at time ¢:

_ Zk bkz,tvk,t

v

be(v) (1)

where v is the volume executed at £ different unique bid prices by, ; with corresponding volumes
v+ standing in the limit order book at time ¢. The unit price a;(v) of a buy of size v at
time ¢t can be computed analogously. The unit prices b;(v) and a¢(v) can be computed for an
arbitrary wide range of possible volumes v. The liquidity supply in an order book can thus be
characterized at any given point at time ¢ by a grid of unit ask and bid prices conditional on
the traded volume v. The bi-dimensionality of liquidity (price and volume) calls for measures
such as the unit price to capture liquidity provision.

Unit price series are not stationary. As PCA requires stationary data input we run the
analysis after an appropriate data transformation which produces stationary ‘price impacts’.
Price impacts capture the premium paid by traders when the transaction is executed against
standing limit orders beyond the best quotes. Bid price impacts are defined as

be(1) — be(v)

=T

-100. (2)

An equivalent formula is used to obtain the ask price impact, ap;(v). To ensure comparable-
ness between the thirty DAX stocks, we do not express the trade size v in number of shares
per trade, but use a grid of trade sizes with v expressed in euros.

By construction, the larger the transaction (i.e. the larger v), the higher the price paid as
the market order hits more and more limit orders and is likely to walk up further in the book.
A 10% bid price impact for a trade size of, say, 100,000 euros means that the price the seller
receives for each share sold is 10% lower than the price she would get by trading quantities
smaller than the depth at the best price. When v does not consume all the share available at

the best price, the price impact is thus zero. Of course, in a perfectly liquid market, ap; and

Ssee Irvine, Benston, and Kandel (2000) and Gomber, Schweickert, and Theissen (2004) for a similar

measure of book liquidity.



bp; do not depend on v and are equal to zero. The gap between ap;(v) and zero (respectively
zero and bp:(v)) thus measures the pre-trade available committed liquidity. By focusing on
price impacts, we restrict our analysis to the modelling of the slope of the order book, and we
do not consider the variation in unit ask and bid prices expressed as nominal amounts. This
implies that the econometric modelling can be split into three separate parts, a model for the
midquote dynamics (e.g. modelling the marginal utility weighted price of the security as a
martingale process), a model for the inside spread (allowing for time-of-day effects and serial
persistence), and a model for the ‘shape’ of the order book reflected by the price impacts.
This latter is the focus of the present paper.

We compute the price impacts at both sides of the book for a grid of trade sizes v ranging
from 50,000 euros to two million euros, with an increment of 50,000 euros. This produces a
total of 40 price impacts for both the ask and bid sides. Although marketable limit orders of
2 million euros are very rare, this grid neatly summarizes the book and includes unit bid and
ask prices quite far from the best prices.” During the reconstruction process we store two
order book sequences. While both feature the same grid of volumes, the first solely contains
the shares visible to traders (the ‘visible’ order book), whereas the second also includes the
hidden shares (the ‘complete order book’). Consequently, three types of price impacts can
be computed. We refer to visible price impacts as those that results from an application of
Equation (1) using only the visible book depth, while complete price impacts are computed
using the complete book, including hidden volumes. The latter are by definition always
smaller or equal (if there is no hidden volume) than the former. Third, we compute the price
improvements brought about by the hidden orders as the difference between the price impact

implied by the complete order book and the price impact implied by the visible order book.

C. Price impacts: descriptive analysis

A first important empirical result is that the time series properties of the price impacts are
remarkably similar for the 30 stocks in our sample. Hence we shall present our results as
holding ‘on average for all stocks’. Whenever suitable we present averages across stocks and

also the confidence bounds indicating the distribution across stocks. We will also illustrate

7On average for the stocks in our sample, 20 different price levels are necessary to trade 2 million euros.

The results presented in the paper are quite robust to changes in the trade size grid.



the analysis using the results on a single stock. For no particular reason, except that it can
be considered a ‘typical’ stock, we chose Bayer (ticker symbol BAY), a company specializing
in life sciences. Figure 1 presents an example of timepaths for 50,000, 250,000, 1 million
and 2 million euros ask price impacts for Bayer. The price impacts were computed using
the complete order book. The time series plots are similar for the bid side and for the price
impacts computed with the visible book only. As indicated in Figure 1, small volume price
impacts are highly volatile and exhibit little persistence. Price impacts for large volumes are
much more correlated as evidenced in the bottom right panel of each figure.

These patterns suggest that the available liquidity is far from being ‘static’. This is
not surprising, given the evidence provided in earlier papers such as e.g. Ahn, Bae, and
Chan (2001) and Biais, Hillion, and Spatt (1995) for the Hong-Kong and Paris Bourse stock
exchanges, respectively. Figure 2, which gives the autocorrelations, tells the same story. For
relatively small volumes, the price impacts exhibit only small serial correlation, while the 2
million euros price impacts are clearly autocorrelated. All series exhibit a strong intra-day
seasonality, although this pattern is less pronounced for the 50,000 euros price impact.

We use spectrum analysis to decompose the variance of a series into different frequency
bands. The area below the spectrum is the variance of the series, and the area between two
frequencies corresponds to the portion of the variance that is due to this frequency band.
If the area between two frequencies is large, the frequency band explains a large fraction
of the variance. Low frequencies (close to 0) correspond to long-term evolutions, and high
frequencies (close to ) to intra-day variations. Figure 3 displays the spectrum for the four
price impacts analyzed before. These patterns are in agreement with our previous results:
the larger the hypothetical trade size, the more important the long-run frequencies. The
spectrum of the smallest trade size (50,000 euros) is flat, i.e. quite close to the spectrum
of a white-noise process. Table II decomposes the variance according to selected frequency
bands. The table shows that, for all price impacts, 80% of the variance is due to intra-day
variations. When we consider the smallest trade size, 76.5% of the variance is governed by
one-hour dynamics. This percentage decreases to 24.5% for the largest trade size. Weekly
variations (excluding intra-day variations) account for 19.3% of the variance far in the book,
and only 3.2% close to the best prices. To summarize, price impacts for small trade sizes

exhibit a low autocorrelation and are highly volatile; price impacts for large trade sizes are



strongly correlated and persistent. Persistence implies that the traders’ standing positions far
in the book are less frequently updated. On the other hand, the lack of autocorrelation for the
small trade size price impacts shows that traders cancel/(re)submit orders very actively close
to the best quotes. Thus the state of the book close to the best quotes is hardly correlated
with its own state 5 minutes before. This also implies that trading opportunities such as
abnormal depths at the best quotes are probably short-lived. Finally, the cross-correlations
functions (Table IIT) show that, as conjectured in this paper, price impacts for different trade
sizes display some common dynamics. We delve more deeply in those issues in the next two

sections of the paper.

II. Modeling the order book using principal components anal-
ysis

The main objective of the paper is to uncover and study commonalities in the limit order
book. Several statistical methods are at hand for this task. In this paper we employ principal
components analysis, or PCA in short.® In the following we will briefly sketch the application
of the methodology in the context of order book modelling. The illustration focusses on the
ask side of the book, the methodology for the bid side and the joint analysis of both sides is
analogous.

The data input for the PCA are the relative price impacts ap;(v), computed according to
Equations (1) and (2). We compute the price impacts for a grid of N trading volumes and
for a sequence of five-minute order book snapshots during the three-month sample period.
The price impacts are collected in a T" x N matrix X such that each column of X contains
a time series sequence of price impacts computed for a given volume v. Columns are sorted
by increasing v. The time ¢ grid-point ¢ element of the price impact is denoted by x;;. The
index t = 1,...,T is used to identify the time of the order book snapshots, and the index
is used i = 1,..., N for the volume grid. Since PCA requires standardized stationary data

input (otherwise the variables with largest sample variance tend to receive too much weight)

8Gouriéroux, Le Fol, and Meyer (1998) present the first application of PCA to order book data of French

Euronext-traded stocks. Other applications of PCA in finance are discussed in Alexander (2001).
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we compute standardized price impacts,

25 = (@ — x;)/sdx;, (3)

where z; and sdx; denote sample mean and standard deviation of column i, respectively. The
standardized price impacts are stored in a T' X N matrix Z.
The basic idea of applying PCA in the context of this paper is to express the standardized

price impacts as a linear combination of N orthogonal principal components,
Z=PW, (4)

where P = (F1,F2,...,FN) is a T x N matrix containing the orthogonal principal prin-
cipal components and W is a N x N matrix of weights. The i-th (i=1,...,N) column
of P will be referred to as the i-th principal component (or simply ‘factor’) and denoted
Fi = (Fiy, Fiy,..., Fir)'.? The extraction of orthogonal principal components is achieved
by computing the eigenvalues and associated eigenvectors of the sample correlation matrix
of standardized price impacts, %Z’ Z. The columns of the weight matrix W containing these
eigenvectors are arranged in descending order of the associated eigenvalues. Having com-
puted and ordered the eigenvectors in the described way, the principal components can be
computed as P = ZW. The weights/eigenvectors in W provide the mapping between the
principal components and the price impact series that are the inputs of the analysis. Below
we will show how an analysis of the weight matrix W helps to understand how the principal
components ‘explain’ the variation of the price impacts. The ordering by largest eigenvalue
implies that the first principal component, F'1, will be the one with the largest variance that
explains most of the variation in the price impacts. The second principal component, F'2, is
the one with the second largest variance and explanatory power and so forth. The explana-
tory power (referred to as cumulative R?) of the first n principal components F1, F2,..., Fn
can be computed by dividing the sum of the n first eigenvalues by the total sum of all N
eigenvalues.

If the price impact series share common components (commonalities), then the first n <<
N principal components will have a considerable explanatory power. The first n principal

components, collected in the T x n matrix P = (F1,F2,...,Fn), combined with weight

9When we distinguish the ask and the bid side of the book we will denote the principal components as F Ai
and F'Bi, respectively
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matrix W), containing the first n columns and rows of W, will then contain sufficient
information to ‘rebuild’ the whole state of the order book at time ¢. For this purpose we
compute 7 = POW™  and add back to the elements of 7 the standard deviation and
mean of each column using the inverse transformation of Equation (3). This produces X , the
reconstructed price impacts matrix using only the information provided by the first n principal
components. If the price impacts feature important commonalities the reconstructed price
impact series will be highly correlated with the observed price impacts. Provided that n is
small, the PCA can deliver a formidable reduction of complexity. The variation of the order

book can then be explained by a small number of orthogonal factors.

II1. Order book commonalities

Separate PCAs are conducted to analyze commonalities in visible, complete and hidden price
impacts. We can immediately point out that the weight structure and the explanatory power
of the first four principal components are remarkably similar for the 30 stocks in the sample.'°
The results discussed thereafter should be viewed as being meaningful for all stocks. In the
same vein, the numbers in tables and figures that we refer to are averages across the thirty
stocks. Whenever useful, we also report standard deviation, minimum and maximum as well

as confidence bounds computed from the cross section of stocks.

A. One-sided analysis of commonalities in the order book

We start with the visible order book data and run the PCA on the price impact series using
the grid of forty volumes from 50,000 to 2 million euros. The results given in Table IV show
that the first two principal components explain more than 92% of the variation in visible
price impacts (cumulative R?). The estimation results lead us to select n = 2 principal
components. The choice of two factors stems from the low explanatory power of the third
principal component (less than 5%). There are only minor differences between the bid and
ask sides. Figure 4 shows the weights of the first two principal components for the bid and the
ask side. The weights of the first principal component (F1) are all positive and approximately

equal for volumes ranging from 500,000 to 2,000,000 euros. Weights decrease by about 50

1ONote that this does not imply that the order book of the 30 stocks are generated by the same factors.

Indeed, the factors for the 30 stocks are different, although they may share some common dynamics.
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% when v decreases from 500,000 euros to 50,000 euros. An increase in the first principal
component would therefore induce an upward shift in the whole structure of the price impacts,
with price impacts for volumes smaller than 500,000 euros being less affected. This result is
illustrated in the top panel of Figure 5 where we perform simulations on the first principal
component using the Bayer ask side order book as an example. Starting from a base case,
we multiply the value of the first principal component, F1, by .25, 0.5, 2 and 4, respectively,
compute the predicted change in the whole range of price impacts and plot all fives cases.
The figure shows how the whole ask side of the order book shifts upwards (downwards) when
F1 is increased (decreased) and how the price impacts of large volumes v are more affected
than the price impact of small volumes. Hereinafter, the first factor will be referred to as
‘shift factor’ since it moves all price impacts move in the same direction (albeit in a non-linear
fashion).

The weights of the second principal component, F2, are negative for volumes up to about
900,000 euro and positive for larger v. An increase in F2 will thus reduce the price impacts
for smaller volumes, and increase those for large volumes. This effect is illustrated in the
bottom panel of Figure 5 where again the ask side of the Bayer order book is used as an
example. As in the simulation invoking the first principal component we start from a base
case, increase and decrease the value of the second factor and compute the resulting price
impacts. Figure 5 shows that as F2 is increased, the whole ask side of the book rotates
counterclockwise, around a volume of about 900,000 euros. It is therefore natural to refer to
the second principal component as a ‘rotation factor’.

Figure 4 also shows that the weight pattern is remarkably similar for both sides of the
book. We come back to this issue below when we investigate whether the ask and bid sides
are subject to the same dynamics. Results for the PCA on the complete order book are
presented in Table IV. The reported figures for the explanatory power and the pattern of the

weight structures (not given) are extremely close to what we find for the visible order book.

B. Joint analysis of the ask and bid sides

In this section we analyze the commonalities of the ask and bid sides of the order book simul-
taneously. This is tantamount to running the PCA on a dataset made up of the juxtaposition

of the ask and bid side price impacts. The ‘one-sided’ analysis in the previous subsection
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showed that the first two principal components (shift and rotation factor) had a high ex-
planatory power for both sides of the order book and that the weight structures are quite
similar, too. One could therefore expect that we would also need only two factors, one for
shift and one for rotation of the price impacts, when running a joint PCA on the both sides of
the book. However, the empirical results reported below contradict this conjecture and point
to asymmetries in the order book.

The bottom panel of table IV gives the explanatory power of the first four principal
components in the joint PCA. Averaged across stocks the cumulative R? of the first two
principal components is only 0.79, a considerable decrease compared to 0.92 in the one-sided
analysis. The explanatory power of the three first principal components amounts to 0.87 and
with four principal components we reach 0.93. In other words, four principal components
are needed to achieve a explanatory power comparable to the two factors in the one-sided
analysis. We conclude that the variation of the bid and ask side price impacts cannot be
explained by the same factors. Unlike for the one-sided analysis, the interpretation of the
four ‘joint’ principal components is not clear-cut and warrants some further investigation.
Table IV shows that the explanatory power of the first two joint factors is quite similar to the
explanatory power of the first principal component (shift factor) from the one-sided analysis
(around 0.7). This suggests that the one-sided shift factor captures the same dynamics as
the first two principal components from the joint PCA. If this bears out, then a bid or ask
price impact series reconstructed from the shift factor should be closely correlated with a
price impact series reconstructed from the first two joint principal components. An analogous
reasoning can be applied with respect to the one-sided rotation factor and the third and fourth
principal component from the joint PCA. The empirical results support these conjectures.
Indeed, the correlations between the price impacts reconstructed from the shift factor and
the price impacts reconstructed from the first two joint factors are larger than 0.98 for all
price impacts and all stocks, both for the bid or the ask side. This shows that the first two
joint factors from the joint PCA capture the same order book variation as the shift factors
from the one-sided analysis. Analogous results are achieved regarding the relation of the
one-sided rotation factor with the third and fourth principal component.

Further evidence on the asymmetries between bid and ask side of the book is provided in

Table III where we report the correlations between the original price impacts at each side of
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the book for different trade size. All correlations between the bid and ask side price impacts of
the (visible) book are smaller than 30%. Furthermore, the correlations between shift factors
(buy and sell side) and rotation factors (also buy and sell side) obtained from the one-sided
analyses are close to zero. An exception is the significant correlation between the ask shift
factor and bid shift factor (average across stocks: 0.22).

Our results regarding the asymmetries of the buy and sell sides of the order book are
not quite surprising if one takes into account the fact that in most limit order markets there
is no binding reason for limit order traders to be active on both sides of the market at all
times. A open limit order market is in this respect quite different from a specialist market,
where the market maker has the obligation to supply liquidity for both sides of the market
to maintain an orderly market.!! By contrast, liquidity supply in an automated auction
market like Xetra is entirely voluntary. The results indicate that this trading design attracts

a multitude of heterogenous agents, who need not be active on both sides of the book.'?

C. Commonalities between the visible book and hidden liquidity

A distinct feature of our data is that it allows a complete view of the visible and hidden
liquidity. As such, the next step in our analysis aims at characterizing the commonalities
between the visible and hidden liquidity of the book. For this purpose we conduct a PCA
on the dataset made up of the visible and the hidden ask price impacts. The hidden price
impacts capture the price improvements brought about by iceberg orders. They are computed
as the difference of the price impacts computed from the complete and the visible book. The
analysis is performed one-sided, i.e. separately for the buy and the sell side.

Table IV shows that four principal components are needed to achieve an explanatory power
comparable to the one-sided analysis using visible impacts. Whilst in the latter application
two principal components (identified as shift and rotation factor) achieved a cumulative R?
of about 0.92, the cumulative explanatory power of the first two principal components in the

joint visible-hidden PCA is only .77 (average across stocks). We have to include also the

HFor example, the classical inventory model of Stoll (1978) suggests rather symmetrical ask and bid side
variations. In the inventory model, the dealer shifts his bid and ask prices simultaneously to manage his

inventory position.
12This is also pointed out in Danielsson and Payne (2001) for the Reuters D2000-2 order book trading

system)
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third and fourth principal component to increase the cumulative R? to 0.93. Conducting a
separate PCA for the hidden price impacts only, the results are qualitatively similar to the
results on the visible book.'® The first two principal components explain more than 90%
of the variation of the hidden price impacts. Furthermore, the interpretation of the first
principal component as ‘shift factor’ and the second as 'rotation factor’ also applies. Similar
to the previous section, the variation of the hidden part of the book is explained by different
factors than the visible part. The asymmetries between the buy and the sell sides of the book
thus extend to the provision of visible and hidden liquidity, again indicating the presence of
a heterogeneous population of limit order traders.

However, the visible and hidden portions on the same side of the book exhibit more
commonalities than the (visible) buy and sell sides. Indeed, the correlation between the
hidden book shift factor (i.e. the first principal component extracted from the hidden price
impacts) and the shift factor extracted from the visible book is about 0.3. The correlation
between visible and hidden rotation factors is of the same size. Cross-correlations between
shift and rotation factors are smaller, although non negligible. They amount to about .09
(visible shift factor and hidden rotation factor) and 0.04 (visible rotation factor and hidden

shift factor), respectively.

IV. Interpreting the factors in light of market microstructure

theory

A. Diurnal variation of the factors

The diurnal or intra-day variation of liquidity variables such as the inside spread or the depth
has been actively studied in the empirical literature ever since intra-day data of trades and
quotes were made available by the exchanges. Regarding the spread, the evidence seems to
indicate that it follows either a ‘L’ or ‘U’ pattern, depending on the trading protocol of the
respective exchange. At the New York Stock Exchange for example, both volume and spread
are much higher shortly after the opening at 9h30 and before the close at 16h than during
the trading day. Brock and Kleidon (1992) focus on the quasi-monopolistic behavior of the

specialist at these times to explain this U-shaped pattern. More precisely, because there is an

13We do not report the detailed results of this analysis. They are available upon request.
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increased and less elastic demand to trade near the open and close, the monopolistic specialist
can charge a higher rent at these times, i.e. increase his quoted spread. Using a database
indicating the origin of the quotes (specialist or limit order), Chung, Van Ness, and Van Ness
(1999) show that most quotes originate from limit orders and that the U-shaped pattern in
observed spreads can be largely explained by the intra-day pattern of order placement and
execution of limit orders. Specialists quote more actively at the start of the day, i.e. providing
liquidity when needed. Furthermore, the spread of the specialist is higher than the spread of
limit orders and is also considerably larger at the start of the day. This is compatible with
adverse selection models of the spread. The mechanism of competing market makers at the
NASDAQ has been studied by Chan, Christie, and Schultz (1995), who show that it gives
rise to a different, L-shaped intraday pattern. They argue that a decreasing inside spread at
the end of the day is observed because of the competition between market makers. For the
Hong Kong stock exchange, Brockman and Chung (1998) and Ahn and Cheung (1999) study
the intraday pattern of the spread, while Brockman and Chung (1999) focus on the diurnal
variation in the inside depth. These studies show that both the spread and the inside depth
follow a U-shaped pattern, quite similar to what is known for the NYSE. They interpret the
higher spread and poorer depth at the open as evidence in favor of the asymmetric information
hypothesis. However, they would have expected increasing liquidity at the end of the trading
day as the order book involves many market participants who are keen on balancing out their
positions, i.e. an end-of-day behavior similar to what is known for the NASDAQ.

Figure 6 plots the diurnal variation of the first two principal components (one-sided,
visible order book). It can be seen that the first principal component (shift factor) exhibits
intra-day seasonality while the second principal component (rotation factor) does not. The
diurnal variation of the shift factor is distinctively L-shaped. Combined with the weight
structure attached to the first principal component (all weights are positive and increase
with the traded amount), this implies that the book liquidity is poor at the start of the day
and improves thereafter and stays at a constant level throughout the day, including near the
close of trading. These results are consistent with an asymmetric information hypothesis for
the start of the trading day (traders are cautious at those times and fear informed trading).
Madhavan (1992) considers a model in which information asymmetry is gradually resolved

throughout the trading day implying higher spreads at the opening. In the well-known Foster
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and Viswanathan (1994) model, competition between informed traders leads to high return
volatility and spreads at the start of trading. In contrast to what has been reported for the
Hong Kong stock exchange, our results hint at inventory management at the close of the

trading day, which would explain the good book depth at that time.

B. Factors and volatility

New information triggers stock price changes. Thus, a factor that captures expected changes
in the value of the security may increase volatility. On the other hand, large depths and thus
small price impacts make aggressive trades less likely. Transitory price movements due to
orders walking up the book should be less frequent when the book is thick (see Ahn, Bae,
and Chan (2001) for a discussion of this issue at the Hong-Kong stock exchange). Therefore,
a factor that captures increased liquidity provision close to the best quotes should decrease
volatility.

To interpret the shift and rotation factors, we regress a volatility measure which is com-
puted as the sum of five successive one-minute squared midquote returns, denoted €7, on the

first two principal components extracted from the respective one-sided PCAs:
€ = a+ BaFAL_1 + 7 FA2 1 + B,F Bl + wFB2 1 + u (5)

FAl and FA2 (FB1 and FB2) stand for the shift and rotation factor for the ask (bid)
side respectively. Table V reports the estimation results. Coefficient (§, is positive and
significant for 29 out of 30 stocks; (3, is also positive and significant for 28 out of 30 stocks.
Accordingly, when the shift factor increases (that is, when liquidity decreases throughout the
book), volatility increases. This is consistent with a book that has been depleted because
traders anticipate incoming information, e.g. through large, aggressive trades. On the other
hand, the ~ coefficients are negative and less significant. Moreover, the amplitude of the
impact is smaller (the 3’s are larger than the ~’s in absolute terms for 27 out of 30 stocks).
When the book slope changes because of changes in the rotation factor, it has a small or
insignificant impact on volatility. This is consistent with a rotation factor that is not linked
to information arrivals. On the other hand, the shift factors do forecast squared price changes
which means that the order book contains information regarding future volatility, since the

factors reconstruct most of the book slope.
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C. Factors and trader behaviour

In the one-sided PCA we have identified a shift and a rotation factor which explain a con-
siderable part of the order book variation beyond the best quotes. We have seen that an
increase of the shift factor decreases the book liquidity at all price levels, while a downward
movement of the rotation factor decreases liquidity close to the best quotes and increases
liquidity deeper in the book. In this section we study the effect of predetermined variables
suggested by microstructure theory on the shift and rotation factor. Our objective is to asso-
ciate the two principal components with informational and liquidity effects. For this purpose
we estimate regressions where the extracted shift and rotation factors serve as dependent
variables and indicators suggested by microstructure theory as regressors. By construction,
variables with a significant and positive coefficient when regressed on the shift factor increase
the price impacts at all trade sizes v (decrease liquidity throughout the book). Variables with
a significant and negative impact on the rotation factor cause a drain of liquidity close to the
inside market, while decreasing price impacts for larger v. Using the principal components
instead of the price impacts (or other measures of book liquidity) as dependent variables thus
allows us to disentangle shifts in liquidity from slope rotations.

In the following, we discuss the selection of meaningful regressors rooted in microstructure
theory. There are few papers with testable results regarding book depth. In Glosten (1994),
the marginal price paid (received) by a buy (sell) market order trader provides information
about the true value of the asset. Accordingly, trade size is informative as large trades are
more likely to walk up the book. In a similar setting, Seppi (1997) shows that large trades,
if informative, decrease depths in the book, while non-informative large trades attract limit
orders and increase liquidity. In the regression framework this has the following implications.
If large trades increase the shift factor then this would provide evidence that the first principal
component is associated with informational effects. On the other hand, if the effect of large
trades on the rotation factor is negative, then it is the second principal component that would
be associated with informational effects. Recall that a decrease in the rotation factor implies
that price impacts close to the inside market increase while they decrease deeper into the book.
However, if the effect of large trades on the shift (rotation) factor is negative (positive), then
this would be evidence for the interpretation that the respective factors are associated with

liquidity effects.

19



Seppi (1997) stresses the importance of the disequilibrium between buyers and sellers in
that a larger proportion of buy than sell trades increase the likelihood of execution for sell

limit orders.™.

For example, more buy than sell trades should exert a positive impact on
a liquidity factor explaining the variation of the sell side of the book. If the rotation factor
qualifies as a liquidity factor then we would expect a positive effect of a properly constructed
order imbalance indicator. If the shift factor qualifies as a liquidity factor then we would
expect a negative effect of order imbalances. The same reasoning holds for the buy side of
the book.

A second strand of the literature suggests that the factors should be influenced by liquidity-
driven variables. Foucault, Kadan, and Kandel (2003) put forward a framework that does
not rely on (informationally driven) changes in the value of the stock. They focus on liquidity
effects to explain the shape of the book. In their framework, limit orders are more aggressive
(and liquidity high and price impacts close to the inside market low) when either the propor-
tion of patient traders increases (assuming a constant rate of order submission) or when more
orders are submitted (assuming a constant proportion of patient traders). This motivates
the inclusion of three additional variables which should explain the behavior of a liquidity
factor, the number of submissions, the percentage of limit orders among all submissions (a
proxy for traders’ impatience assuming that only impatient traders submit market orders),
and an interaction variable equal to the product of the two first variables. If the effect of
these variables on the rotation factor is positive, then this would be an indication that this
principal component captures liquidity effects.

We also consider volatility measures as explanatory variables for the principal components.
Like for trade size, the impact of volatility on book depth is ambiguous. Ahn, Bae, and Chan
(2001) point out that transitory (non-informational) variations in the best prices improve
liquidity as limit order executions become more likely which attracts aggressive limit orders.
However, if volatility is associated with informational effects we would expect a negative
effect on liquidity as picking-off risk increases. Similar to the effect of trade size discussed
above, sign and significance of the parameter estimates in the regression of the shift and
rotation factor on volatility measure can provide further evidence regarding the interpretation

of the first two principal components. We distinguish bid and ask side realized volatility to

' Chordia, Roll, and Subrahmanyam (2002)) also stress the role of order imbalances

20



capture possible asymmetric sources of risk on each side of the market. The bid (ask) realized
volatility are computed as the sum, over 5-minute intervals, of 1-minute squared bid (ask)
price returns. Finally, Foucault (1999) suggest that the size of the inside spread influences
the order submission process and thus the liquidity provision.

These considerations lead us to specify the following regression equations. For the ask

side we have

FAi;, = 0o+ aFAi; 1+ Ginbtr_agg_bid; + Botrade_size_bid; + Bsvola_bids + Bavola_ask;
4+ Bsnbsub_bid; + Bgper_lo_bids + Brnbsub_bid x per_lo_bid,

+ QBstime_ex_ask; + Bodeseq_bid_ask; + Brospread; + ug, (6)

where i = 1,2. F Al is the shift factor (first principal component) extracted from the ask

side PCA.15 F A2, is the ask side rotation factor. For the bid side we have, analogously:

FBiy = [y+ aF Bii_1 + finbtr_agg_ask; + Patrade_size_ask; + Bsvola_bidy + Byvola_asky
+  Bsnbsub_ask: + Bgper_lo_asks + Brnbsub_ask * per_lo_ask;

+ fBstime_ex_bid; + PBodeseq_bid_ask; + Brospreads + uy. (7)

where i = 1,2. F'B1; denotes the bid side shift factor and F B2; the bid side rotation factor.

The regression equations include a first-order autoregressive term as the autocorrelation
in the price impacts may have spilled over to the factors. The regressors are designed to
capture the effect of trade size, order imbalances, composition of order flow, volatility and
spread discussed above. They are constructed as follows: nbtr_agg-bid (nbtr_agg-ask) stands
for the number of trades that walk up the book on the ask (bid) side, i.e. aggressive buy
(sell) trades; trade_size_bid (trade_size_ask) is the average trade size for buy (sell) trades;
vola_bid and vola_ask are the volatility measures computed on the best bid and ask prices
respectively; nbsub_bid (nbsub_ask) stands for the number of orders submitted on the bid
(ask) side; per_lo_bid and per_lo_ask, respectively, denotes the percentage of these orders that
are limit orders; time_ex_ask (time_ez_bid) is the time to execution for limit orders standing

on the ask (bid) side; deseq_bid_ask is the difference of buy minus sell market orders; spread is

5We focus on the visible book factors, but the results for the complete book are qualitatively identical.
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the bid-ask spread. All variables except the spread are computed over the 5-minute interval
prior to the observation of the factor at time ¢.

Regression results for the thirty stocks are given in Table VI. As conjectured, the autore-
gressive coefficient is indeed significant, i.e. the factors are autocorrelated. For both sides of
the book the same explanatory variables are significant. We therefore focus on the results for
the ask side of the book.

Few variables in the rotation factor (F2) equation are significant, and the sign of the
coefficients varies across the 30 stocks. The most often significant variables (see the ‘sign’
column in the table) are trade size, spread and trade aggressiveness. It seems that, when
buy orders are aggressive, that is these trades walk up the book, traders on the ask side
provide cheap liquidity to the market. This supports the interpretation that the rotation
factor captures liquidity effects. On the other hand, large trades deter liquidity provision
at the best quotes as trade size tends to have negative impact on the rotation factor. This
would rather associate the rotation factor with informational effects. The cross stock evidence
regarding the effect of volatility on the rotation factor is mixed: For most stocks a higher
volatility deters limit order submission close to the best prices, while for others stocks it
attracts liquidity. Overall, the results provide mixed evidence regarding the interpretation of
the rotation factor as capturing liquidity or informational effects.

The effect of the spread on the rotation factor is mostly positive, which implies that
liquidity close to the inside market increases and decreases deeper in the book. Traders
submit more limit orders when market orders are expensive due to large spreads, and they
submit their orders at or close to the best quotes. Larger spreads lead to deeper books.
This implies that liquidity measured by the inside spread and liquidity as measured by price
impacts are not the same.

Trade aggressiveness and to some extent trade size exert a negative effect on the shift
factor (F1). This is at odds with predictions of the papers by Glosten (1994) and Seppi
(1997) which assume that trade size and trade aggressiveness are informative and thus should
decrease liquidity. This result supports an interpretation of the shift factor as capturing
liquidity rather than informational effects. On the other hand both bid and ask realized
volatility measures increase the shift factor and consequently the size of the price impacts.

This is consistent with the hypothesis that the shift factor captures the information effects.
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Finally, the book tends to become more liquid at the ask side when there are more order
submissions on the bid side. This effect is muted if the proportion of patient traders increases.
This is consistent with the model of Foucault, Kadan, and Kandel (2003) which predicts that
an increase in orders submitted to the book increases the likelihood of a trade and thus
limit order traders ask for a smaller reward for the provision of liquidity. This effect is less
pronounced if, at the same time, traders become more patient and submit more limit orders.
Again this is consistent with the interpretation of the shift factor as being liquidity driven.
To summarize, although we can clearly identify the role of the first and second principal
components as factors that shift and rotate the price impact profiles of the order book, the
empirical evidence regarding their interpretation is mixed. Both factors seem to be linked to

informational effects and non-informationally linked liquidity processes.

D. Cross sectional evidence

We have outlined above that the PCA delivers a stock specific measure of the importance of
the shift and the rotation factor (increments of the cumulative R%s). Table IV shows that
although for all stocks the explanatory power of the shift factor exceeds that of the rotation
factor there exists considerable cross sectional variation. Take as an example the ask side of
the visible book. The explanatory power of the first principal components ranges from 0.57
to 0.85, while the explanatory power of the second principal component ranges from 0.11 to
0.3.

This data is used to further investigate the ambiguous interpretations of shift and rotation
factor. For this purpose we run cross sectional regressions where the stock specific explanatory
powers of the shift and rotation factor are used as dependent variables and regressed on a
stock specific measure of the informational content of the order flow and a transaction costs
measure that is purged of informational effects. There are several ways to produce these
indicators. One could compute spread decompositions (Glosten and Harris (1988), Huang
and Stoll (1997), Madhavan, Richardson, and Roomans (1997)) or adopt the approach by
Easley, Kiefer, O’'Hara, and Paperman (1996) to estimate the probability of informed trading
for each stock. We employ a robust, model free method and compute stock specific average
effective and realized spreads. The difference of effective and realized spread is a measure for

the informational order flow, and the realized spread can be interpreted as transaction costs
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net of trader information (see e.g. Boehmer (2004) and SEC (2001)). The average effective
spread is computed by taking two times the absolute difference of the transaction price of
a trade and the prevailing midquote and averaging over all trades of a stock. The average
realized spread is computed similarly, but instead of taking the prevailing midquote, we use
the midquote five minutes after the trade.!®

To provide cross sectional evidence on the interpretation of the shift and rotation factors,
the average realized spread (RS) and the difference of average effective spread and average
realized spread (ES — RS) are regressed on the explanatory power of the shift factor (F'1R?)
and the rotation factor (F2R?), respectively. Ask and bid sides of the book are pooled so
that we have 60 observations.

If stocks for which the informational content of the order flow (measured as ES — RS) is
large tend to have a higher importance of shift or rotation factor, then this would support the
hypothesis that the respective factor is associated with informational effects. Furthermore,
we would assume that for stocks with average realized spreads non-informative fluctuations
of liquidity play a more important role in explaining the variation of the book. Accordingly,
if the average realized spread is positively correlated with the explanatory power of one of
the two principal components then this would suggest that the respective factor is liquidity-
linked. We estimate the regressions based on the visible and the complete book data and

obtain the following results (robust t-statistics are reported in the parentheses):

Visible book

F1R* = 0.90-192.0 (ES — RS) + 180.6 RS + & RZ . =047
(40.3) (—5.2) (4.3)

F2R*> = 0.09+81.9 (ES — RS) —53.6 RS + & R, =023
(6.3) (3.4) (—2.0)

16T6 ensure comparability across stocks, we compute effective and realized spreads relative to the midquote
prevailing at the time of the trade. The difference of effective and realized spread is often referred to as price
impact (see Boehmer (2004)). We don’t use this notion in order to avoid confusion with our definition of price

impacts in Equation (2)
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Complete book

F1R?> = 0.89-166.9 (ES — RS) + 145.0 RS + &3 R?, =041
(42.2) (—4.8) (3.8)

F2R? = 0.09+80.3 (ES — RS) — 56.6 RS + & R, =0.24
(6.5) (3.5) (—2.3)

These results imply that for stocks for which we measure a higher informational content of
the order flow, more of the variation of the order book is explained by the rotation factor and
less by the shift factor. On the other hand for stocks for with higher transaction costs (net
of informational effects) the shift factor explains more of the variation of the book. These
results support the interpretation that the rotation factor is associated with informational

effects and that the shift factor is linked to non-information induced liquidity variations.

V. Conclusions

This paper looks at the possible commonalities exhibited by a limit order book market. The
empirical application deals with the Xetra trading system, which is a pure automated auction
market similar to Euronext or the Hong Kong stock exchange. Our dataset is quite extensive,
as we have the full reconstructed limit order book (in ‘real time’) for the 30 stocks that make
up the DAX index over a 3-month time frame. Moreover we also have the so-called visible
and complete order books, i.e. we reconstruct the order book with and without the hidden
orders.

The search for and modelling of commonalities relies on the use of principal components
analysis. A first important result is that very few factors are needed to model the full (either
visible or complete) order book. Actually, two factors (interpreted as a shift and rotation
factor) already provide a total explanatory power of more than 92% for a grid of traded
volumes that range from 50,000 to 2 million euros (bid side or ask side of the book). This
allows for a formidable reduction in the complexity of the modelling as we can therefore focus
on these two factors and their associated set of weights. A by-product of our analysis is that
we can show that the bid and ask sides do feature separate dynamics. Indeed, a joint analysis
of both sides shows that a 4-factor structure is needed when both sides are to be modelled
simultaneously. From a finance point of view, we interpret this evidence as indicating that

order book markets involve heterogeneous agents who need not be active on both sides of the
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market. We also provide a time-of-day analysis of the two principal components. Given the set
of weights and the diurnal variation displayed by the principal components, we conclude that
the Xetra system is characterized by a rather poor liquidity at the start of the trading day,
but also that liquidity remains good up to the close of trading. In other words, we document
a L-shaped pattern for the intraday liquidity, quite similar to what is known for NASDAQ. In
the final part of the paper, we interpret the factors in light of recent market microstructure
theory. First, in a time series framework, we regress the factors identified previously on a
selection of market variables which summarize the trade flow and order placement strategies
of the market participants. Secondly, in a cross section framework, we run regressions where
the stock specific explanatory powers of the shift and rotation factor are regressed on a stock
specific measure of the informational content of the order flow and a transaction costs measure
that is purged of informational effects. Both methodologies tend to show that the shift and
rotation factors seem to be linked to informational effects and liquidity effects, although the
cross sectional analysis favors the interpretation according to which the rotation factor is
associated with informational effects and the shift factor is linked to non-information induced

liquidity variations.
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Figure 1: Time series paths for v-euros ask price impacts, complete book, BAYER. The first

240 observations at a 5-minute sampling time are plotted (102 observations per trading day).
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Table II: Fraction of the variance of the price impacts explained by given frequency bands

one hour intraday week month any

50,000 76.5 194 3.2 0.6 0.2
250,000 60.3 304 74 15 04
1,000,000 35.2 45.6 15.2 3.1 0.9
2,000,000 24.5 51.0 19.3 40 1.2

This table shows how much each frequency band contributes to the total variance of the price impacts. Each
row corresponds to a complete book ask price impact series, for a hypothetical trade size of 50,000, 250,000,
1 million and 2 million euros. Each column pertains to a frequency band: one hour for frequencies above one
hour, intraday for frequencies larger than the daily frequency but lower than the hourly frequency, week for
frequencies between the daily and the weekly frequencies, month for frequencies between the weekly and the
monthly frequencies, and any for all frequencies lower than the monthly frequency. The table reads as such:
19.4% of the variance of the price impact of 50,000-euros trades is due to intraday variations, variations within

the hour not included; if we include all intraday frequencies, the percentage rises to 95.9%.
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Table III: Correlations between price impact series

variables avg std min max
PIA 3 — PIA 21 0.41 0.10 0.01 0.51
PIA 3 — PIA 41 0.27 0.10 -0.01 0.38
PIA 3 —PIB 3 0.10 0.06 0.00 0.23
PIA 3 — PIB 21 0.15 0.06 0.05 0.31
PIA 3 — PIB 41 0.14 0.05 0.06 0.24

DIFF1 PIA3 —PIA 21 -0.16 0.06 -0.29 -0.02
DIFF1 PIA 3 — PIA 41 -0.08 0.04 -0.17 0.01
DIFF1 PIA 3 — PIB 3 0.00 0.02 -0.02 0.06
DIFF1 PIA3 —PIB 21 -0.01 0.02 -0.03 0.03
DIFF1 PIA 3 —PIB41 -0.01 0.02 -0.05 0.01

PIA 21 — PIA 3 0.41 0.10 0.01 0.51
PIA 21 — PIA 41 0.77 0.20 0.00 0.91
PIA 21 — PIB 3 0.15 0.06 0.00 0.25
PIA 21 — PIB 21 0.25 0.11 0.00 0.58
PIA 21 — PIB 41 0.23 0.11 0.02 048

DIFF1 PIA 21 — PIA 3 -0.27 0.07 -0.37 -0.01
DIFF1 PIA 21 — PIA 41 -0.21 0.09 -0.40 -0.01
DIFF1 PIA 21 — PIB 3 0.00 0.02 -0.03 0.05
DIFF1 PIA 21 — PIB 21 -0.02 0.02 -0.05 0.01
DIFF1 PIA 21 — PIB 41 -0.03 0.02 -0.06 0.01

PIA 41 — PIA 3 0.27 0.10 -0.01 0.38
PIA 41 — PIA 21 0.77 020 0.00 091
PIA 41 — PIB 3 0.12 0.06 -0.01 0.23
PIA 41 — PIB 21 0.25 0.10 0.00 0.43
PIA 41 — PIB 41 0.25 0.13 0.04 0.54

DIFF1 PIA 41 — PIA 3  -0.18 0.07 -0.29 0.01
DIFF1 PIA 41 — PIA 21 -0.27 0.12 -0.48 -0.01
DIFF1 PIA 41 — PIB3 -0.01 0.02 -0.05 0.04
DIFF1 PIA 41 — PIB 21 -0.03 0.02 -0.10 0.00
DIFF1 PIA 41 — PIB 41 -0.04 0.05 -0.30 0.01

This table reports the correlations between the visible price impact series at the bid and ask side. PIA stands
for ask price impacts, PIB stands for bid price impacts. PTA3 corresponds to an ask price impact for a trade size
of 100,000 euros, PIA21 1 million, and PIA41 2 million euros (the same holds for the bid price impacts PIB3,
PIB21, PIB41). DIFF1 means that the variable is differentiated as e.g. DIFF1PIA3 = PIA3411 — PIA3;.
Variables not differentiated are observed at time t. Awvg is the average correlation across the 30 stocks, Std its
standard deviation, and Min and Max the smallest and largest correlations across the 30 stocks. For example,
an entry reads as follows: the correlation between the ask price impact for a trade size of 100,000 euros (PIA3)

and the ask price impact for a trade of 1 million euros (PIA21) is on average 41%.
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Table IV: Principal components analysis

Visible price impacts

Ask Bid
Avg Stdv  Min Max Avg Stdv Min Max
F1 078 0.08 057 0.85 F1 079 0.05 066 0.85
F2 0.14 0.04 0.11 0.30 F2 014 0.02 0.10 0.20
F3 004 0.02 003 0.11 F3 004 0.02 0.03 0.10
F4 0.02 0.01 0.01 0.05 F4 0.02 0.01 0.01 0.03

Complete price impacts

Ask Bid
Avg Stdv  Min Max Avg Stdv  Min Max
F1 079 0.07 057 0.85 F1 079 005 067 0.85
F2 0.14 0.04 0.11 0.29 F2 0.13 0.02 0.11 0.19
F3 0.04 001 0.03 0.08 F3 004 002 0.03 0.10
F4 0.02 0.01 0.01 0.05 F4 0.02 0.01 0.01 0.03

Visible and hidden price impacts

Ask Bid
Avg Stdv. Min Max Avg Stdv  Min Max
F1 050 0.06 0.38 0.59 F1 049 0.05 0.36 0.58
F2 027 0.04 0.18 0.34 F2 028 0.04 019 0.33
F3 0.10 0.02 0.07 0.15 F3 0.09 002 0.07 0.14
F4 0.05 0.01 0.03 0.11 F4 0.05 0.01 0.04 0.07

Bid and ask price impacts

Visible Complete
Avg Stdv Min Max Avg Stdv  Min Max
F1 051 005 0.39 0.59 F1 050 0.05 040 0.59
F2 028 0.04 0.17 0.37 F2 030 0.04 0.17 0.37
F3 0.08 0.02 0.05 0.13 F3 0.08 0.02 0.05 0.13
F4 0.06 0.01 0.05 0.08 F4 0.06 0.01 0.05 0.08

Explanatory power for the first 4 principal components in the PCA. The first panel (starting from the top)
reports the explanatory power of a PCA of the visible ask price impacts (left side) and of a PCA of the
visible bid price impacts (right side). F1 to F4 refer to the explanatory power for the first to fourth principal
components respectively.
complete price impacts. The third panel reports the explanatory powers for a PCA on the visible and hidden
price impacts, and the bottom panel for a PCA on both sides of the book. Awvg is the average explanatory

power across the 30 stocks, Std its standard deviation, and Min and Max the smallest and largest explanatory

power across the 30 stocks.

The second panel displays similar tables except that the PCA is applied to the



Table V: Factors and volatility

Realized volatility

Ba 0.13
[29,0]
By 0.08
[28,0]
Ya -0.01
[12,12]
Yo -0.02
[2,13]

The table reports averages of OLS-estimated coefficients across the 30 stocks. Figures in brackets are the
number of significant and positive coeflicients and number of significant and negative coefficients (at the 5%

level). The R? (average over the 30 stocks) is 4.2%.
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Figure 2: Autocorrelograms for v-euros ask price impacts (500 lags)

One trading day has 102 observations.
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Visible ask side: weights for the first 2 PC
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Figure 4: First and second principal components weights for the visible ask side (top of figure) and visible
bid side (bottom of figure). Averages for the 30 stocks in our sample. The dotted line are the confidence bands

at 95%. 39



Simulated ask price impacts
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Figure 5: Simulations of the ask side of the book (Bayer stock) when the first and second principal components
are individually increased (X2, X4) or decreased (X0.5, X0.25). The initial state is characterized by X1. From
top to bottom, the panels present successively the ini'azidual effects of the increase/decrease of the first and

second principal components.



Visible ask side: diurnal variation for the first 2 PC
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Figure 6: Diurnal variation of the first two principal components for the visible ask side (top of figure) and
visible bid side (bottom of figure). Averages for the 30 stocks in our sample.The dotted line are the confidence

bands at 95%.
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