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Abstract

We study the frictions in the patterns of trades in the Eurmeyomarket. We characterize the
structure of lending relations during the period of recemdricial turmoil. We use network-topology
method on data from overnight transactions in the Eleatrarket for Interbank Deposits (e-Mid)
to investigate on two main issues. First, we characterieeditision of roles between borrowers
and lenders in long-run relations by providing evidence etwork formation at a yearly frequency.
Second, we identify the ‘key players’ in the marketplace andly their behaviour. Key players
are ‘locally-central banks’ within a network that lend (avrbow) large volumes to (from) several
counterparties, while borrowing (or lending) small volwgtieom (to) a small number of institutions.
Our results are twofold. We show that the aggregate tradatt@ms in e-Mid are characterized by
largely asymmetric relations. This implies a clear divisad roles between lenders and borrowers.
Second, the key players do not exploit their position of mekntleaders by imposing opportunistic
pricing policies. We find that only a fraction of the networkemposed by big players are
characterized by interest rates that are statisticalfemdint from the average market rate throughout
the turmoil period.
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“In the no-holds barred world of trading over-the-counter derivativiasthe interbank
market, traders and brokers view themselves as combatants in a poof@ssarket, where
you lose one day, but can win the next. (...) The industry is reluctant to fulbneaie

OTC trading because it would result in a more open and transparenkeband erode the
informational advantages of the big dealers. Smaller banks have little chaict® abide

by the rules”

MacKenzie(2012

1 Introduction

Transactions in the money market represent one of the key fundingle®lar financial institutions.
The structure of the market contemplates a primary provider of liquidity, nathelgentral bank. A
large part of the market, though, consists in banks lending to each othercehtrality of the money
market has been remarked during the recent financial turmoil, whichdstauten August 2007 with a
freeze in interbank lending. The recent experience has showedltdwtap in interbank activity carries
systemic implications for the markets for all the other assetsHsd#tbausen and PilR010. Therefore,
understanding the patterns of trading in the interbank market is cruciahloading the properties of its
functioning both during normal conditions, and during times of stress.

The literature on networks in the interbank market has grown large ovedashdew years. A
large part of the available studies focus on describing the behaviouardfsbon a daily frequency.
Several papers use methods from network topology to study the typekaddia between banks (e.g.,
seeBech and Atalay 2008 lazzetta and Manna2009, and what role these relations play over the
short run (e.g.,seS8oramaki, Bech, Arnold, Glass, and Beyel2006. Recently there has also been
a focus to characterize the systemic risk of contagion of a liquidity squeemeely the risk that a
shortage of funding for a bank may generate adverse effects fomtive &nhancial system (e.g., see
Drehmann and Tarashe2011).

This paper takes a long-term view on the functioning of the Euro overmyginiey market. We
identify the structure of relations over a yearly frequency in the Electidaidet for Interbank Deposits
(e-Mid), the main electronic platform for unsecured lending. Our anatysisrs the period of the recent
financial turmoil between 2006 and 2009. Hence, we focus on the ekanghe patterns of exchange
that have arisen from the disruption of standard market activities in thed&aa after 2007.

The platform e-Mid provides a transparent and non-anonymous markée organization of
exchanges allows market participants to differentiate with regard to cgantgrcharacteristics, and
to evaluate the trading behavior of an institution. This suggests that the tieputéa bank is a key
factor in the establishment and maintenance of lending relations, especiadliheMong ruf.

Our results indicate that the aggregate trading patterns in e-Mid are thamed by largely
asymmetric relations in each network. These imply a clear division of roleseketiwenders and
borrowers. To put it more clearly, there are institutions that exerciselabpaontrol both on the lending

IThe role of market reputation is also stressedidigr and Nardelli(2011) and Zagaglia(2010 in the context of the
over-the-counter segments of the interbank market.



and the borrowing side of the market. Thus, the subsequent questioterdsinhas to do with the
identification of these banks.

We study the behavior of the ‘key players’ in e-Mid. These are institutioassiémd (borrow) large
amounts to many counterparties, while borrowing (lending) small amounts daitigfrom few banks of
the system. The key players can be thought of as ‘locally-central bemtkee context of their network
of lending relations. From an intuitive viewpoint, these banks are the drifdrces of the demand
and supply side of the market. Understanding the behavior of the keyrplpy@vides insights on the
bottlenecks in the distribution of liquidity and on their role in the changing matkettsire of e-Mid.

The presence of key players matters especially in the context of netwottksan asymmetric
structure. The reason is that they generate a bottleneck problem in thbudiistr of liquidity. In
this case, we can consider the hypothesis that stable relations are thestxprof the ‘market power’
of a central node We can interpret this as a friction in the distribution of liquidity across the bankin
system. The relevant question of interest is whether the presence aid¢tianfsystematically benefits
the key players. In other words, we would like to study whether the keyepagxploit their leading
position by demanding higher (lower) lending (borrowing) interest rats the market average.

The analysis of the key players sheds light on two main empirical facts. @/ the composition
of the group of key players - both for the supply and the demand side cHaamed every year since
2006. This indicates that e-Mid is not composed by market players with mediulong-term trading
strategies. Rather, banks’ patterns of exchange appear continggnod-term developments. In terms
of pricing policies, the key players do not exploit their market position.iff&tance, on the lending side,
only a fraction of the networks composed by big players charge intexrest that are statistically higher
than the average market rate throughout the sample period.

The results presented in this paper are relevant for understandinghedauropean Central Bank
(ECB) can control the monetary transmission through the interbank mankggarticular, if a group
of banks control the distribution of liquidity to the financial system, they may digte conditions of
supply to their counterparties. The effects of these distortions may playsagiae stance of liquidity
supply implemented by the ECB. This issue is especially relevant in the coritthe cecent market
turmoil. In fact, during this period, the ECB put in place a number of extiaarg liquidity-supply
operations with the aim of easing tensions in the marketl(eaea, Pill, and Reichlin2010.

This paper is organized as follows. In Section 2, we discuss some emfindaigs from the
available literature and provide theoretical considerations on the foaus @laper. Section 3 considers
the information available in our dataset of the e-Mid market. Section 4 progidescriptive analysis of
the data. Section 5 describes our approach to network analysis. Segtiegehts the main patterns of
the networks that provide the ground for our study of key playersti®@e¢ discusses our methodology
for identifying the largest net liquidity providers or borrowers in eactwvioek. In Section 8, we discuss
the characteristics of the key players. Section 9 proposes some cogatadiarks.

2The issue of market power in financial networks is also investigatedragnzlin and von Scarpate{2011), who study
the price setting behavior in the Swiss Franc repo market during the typeridld. They find that banks use both their market
power and private information to offer different lending rates dependn the characteristics of their counterparties.



2 Previous empirical findings and theoretical considerations

The role of ‘centers’ in the distribution of liquidity is investigated Gyaig and von Petg2010. They
use data on German banks to show that these institutions do not lend dire@tthtoteer. They tend to
supply liquidity through the intermediation of locally-central banks. The edityrof a bank is largely
correlated to its idiosyncratic characteristics. For instance, banks withli@algnce sheets are associated
with a central position in the network. Overall, these findings suggest tlaetlde the money market
may be characterized by ‘key players’ with a determinant influence orgtiregate liquidity imbalance.

The literature has also investigated the pricing impact of ‘relationship lendntie interbank
market. Cocco, Gomes, and Martin@009 find that, within their network of relations, banks
pay lower borrowing rates and trade with counterparties that face matatwd liquidity shocks.
Fecht, Nyborg, and Rocho(R011) provides a test on the role of stable connections in the German
money market. Their empirical results indicate that banks operating in foretabrks do not enjoy
any preferential price treatment. Rather than the existence of a relatiptiehley factor is represented
by the ability of an institution to avoid a net ‘squeexes-a-visthe aggregate liquidity supply.

We should stress that the organization of the Euro money market is affiegtdte institutional
features that govern the primary supply of liquidity by the European AeBdnek. In particular, these
features provide the scope for a limited set of banks to play a leading roles imtérbank market.
Idier and Nardell{2011) andZagaglia(2010 point out that the rules for taking part to the ECB tenders
have a discriminatory character. As a consequence, they can gesgstgenatic distortions in the
distribution of liquidity to the banking system. Private banks can take part iathidity operations only
if they are listed as eligible counterparties by the ECB. In addition, banksr&devant administrative
costs for taking part to the ECB tenders. These transaction costs ¢asarpa disincentive especially
for banks of smaller dimensions.

Interestinglyldier and Nardelli(2011) provide empirical evidence suggesting that trading in the
overnight segment of the uncollateralized interbank market is affectadywgmetric information among
counterparties.Zagaglia(2010 extends this result to the term segments of the Euro money market.
Overall, these studies suggest that there are banks that are noaowttry the needs of compulsory
reserve management. These institutions engage in significant trading actwitie the rest of the
interbank market. They can, thus, collect and exploit information that snimdldts do not have about
the aggregate liquidity imbalance. In other words, these studies hint attiamab@tween information
asymmetry between banks and the behaviour of a key player in the intarizakkt.

The relation between network structure and market information is discusdsnl by
Adamic, Brunetti, Harris, and Kirilenk(009 for the case of S&P 500 futures contracts. They find that
indicators of network organization are useful for understandinggdmsim financial market variables, as
they predict traded volume and intradaily duration. Hence, the propeftéesaiwork can be interpreted
as a mere metrics for information flow.

What kind of ‘information’ does the literature point td®abus(2006 charaterize the information
leading to network formation as information about counterparty risk, ok ‘ofscontagion’. They
provide a theoretical model suggesting that banks minimize the trade-ofeeetaosts and benefits
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of creating a network by choosing for partners that are resilient to gimmtdrom adverse shocks. Thus,
an equilibrium network carries a probability of contagion equal to zeradufition, the banks outside
the network face credit rationing from part of the network components.

3 The dataset

We investigate the Electronic Market for Interbank Deposits (e-Mid) s#pry, an electronic interbank
platform fully centralized and operating in Milan. e-Mid is a unique market irBthe area and records
all the transactions occurred in the market among the registered banks.

This market has several peculiar characteristics. The first one is tatsists of two sub-markets,
and consequently of two types of transactions, which follow differeliesrun the 'ask’ (or buy) market
the transaction is started by the borrower - i.e., the aggressor -, whaliquidity from the lender -
i.e. the quoter. By contrast, in the 'bid’ (or sell) market the transaction is initibtethe lender -
i.e., the aggressor, who sells liquidity to the borrower, i.e. the quoter. dctoss in e-Mid involve
money exchange on a different maturity structure, from overnight t@etevonth length. However, the
most part of trades occurs on overnight maturity contracts. Bankshzmse their trading counterparty,
whereas the information on rates and amounts is made public. In addition, the minifale size is
established priori.

The information available makes a distinction between regular size with a minimumnarfoou
transactions of 1.5 million euros, and a large size with a minimum amount of 100 millias.e For
each transaction executed throughout the system, a record is progbeddprovides information on
the identity of the aggressor and the quoter, the amount traded, the inweeshe date and time of
delivery, the loan length and type. Because of privacy concernsgdéimity of each e-Mid member is
represented by a unique six digit code, the first two being the countmiggh@nd the following four a
0001 tonnnncode. This allows to determine the nationality of a bank, but not its identity.

4 Empirical patterns on a yearly frequency

Our sample counts 305,489 overnight ‘ask’ and ‘bid’ instances whick ptece from January 1 2006
to December 31 2009. Since the overnight transactions representéhgha@ming majority of the
interbank market, we exclude the trades with a longer duration from the sample

The impact of the 2007 market turmoil on the transaction patterns in e-Midelvasas dimensions.
Tablel reports the number of transactions and the number of market participaritsth@se figures have
decreased over timeThe size of trades has also changed noticeably after the turmoil. Thiswe $ho
Table2. The freeze in market activity that characterizes the tumoil period is tefldry the fall of the
total volume traded (Sum), which decreases by 14% from 2006 to 20@érgmes a further reduction
of 20% from 2007 to 2008, up to decay by 40% through 2008 to 2009. Werge a similar trend for

3There are banks that join or leave the system at different times. Atmessample period, the total number of actors
operating in e-Mid is 194.



the average amount (Mean), which drops by 30% from 24.655 to 17 Si@diliarly, this tendency has
affected the evolution of the lending rates over the 2006-2009 periodrédigeports the distributions of
the rates for each sample year. Both the mean and the median rates haue23@nand 2008 relative
to 2006. The market has however experienced a consistent droplafderates in 2009.

The changes in the heterogeneous behavior of the e-Mid participargs/eesttention. Tabl@
reports some descriptive statistics on volumes lent and borrowed per lpagdch year, only a fraction
of the banks active in e-Mid operates on both sides of the market. The shlmnders never exceeds
93% of the total number of banks. This trend is constant over time. For thewiog side, the figure
drops from 89% in 2006 to 84% in 2009.

These considerations suggest that e-Mid is a market where banks wiihafu roles can co-exist.
There are financial institutions that focus on lending activities, and badeNated mostly to borrowing.
Additional evidence on this point can be obtained by observing stanéaiatins of the distributions of
deposits (both lent and borrowed) per bank. The high dispersion dfazewith respect to the average,
in fact, indicates the presence of rather different approaches todgradin

The dynamics of the distributions of volume traded reveals a high concenthkaitb on the lending
and on the borrowing side. In 2006, ten banks - all of which Italian - redl®e 39% of the total
volume lent, a percentage that drops to 34% in 2007 and that reaches 2008rand 29% in 2009.
This indicates a trend of greater sharing of liquidity across the market. A sipidaure emerges for
the demand for deposits. The level of resource concentration is strangeg borrowers than among
lenders. The first ten banks - again, all of them have Italian nationalitgolant for 56% of the market
in 2006, with a share declining to 39% in 2309

5 Methodology for network analysis

In order to analyze the structure of the money market and to detect indibébavior, we use methods
from the so-called Social Network Analysis - SNA hereafter - (e.g.,Wasserman and Fayt994
Carrington, Scott, and Wasserma&005 Borgatti, Mehra, Brass, and Labian@®09. This framework
has recently been applied to different contexts ranging from the studmyteripersonal relations to
interorganizational dynamics. With regard to the relationships among b&hiKshas proven effective
in examining the topological properties of the money markae Masi, lori, and Caldarelli2006
lori, De Masi, Precup, Gabbi, and Caldare#D08. In this paper, we apply the tools of SNA with the
final aims of studying the stability of network relations and of identifying the nmpbrtant actors.
Building on previous studies (e.g., séeri, De Masi, Precup, Gabbi, and Caldareli008, the
transactions are represented as a netWtik E). The network node¥ are the banks, and ti¢s are
identified as the money lent from one institution to another. To this purpogegessprs and quoters are

4We should also add that, as accounted for by other studies (e.EEQ®010, nationality of market participants does
play a key role in e-Mid. The counterparties belong to 16 different c@gjtwith Italian banks being the most important
ones. The weight of Italian banks in e-Mid increases over time, as as®@asing number of foreign banks leaves the market.
There is division of roles across nationalities, with French, Greek andhDhanks mostly lending, and British banks mostly
borrowing.



reclassified as lenders and receivers (or the opposite, dependihg sab-market explored), following
the money flow direction. Therefore, we assume that a tie exists from thei harthe bankj wheni
lends money tq, independently from the origin of the transaction (i.e. the transaction iskfda 'bid’
type). We have the following two cases:

1. for bid transactions, the tie goes from the aggressor (lender) to therqueceiver)
2. for ask transactions, the tie goes from the quoter (lender) to thessggi@eceiver).

Since the tie fromi to j () is different from the tie fromj to i (eji), the network is defined as
‘directed’. To each tie, we attach a weight; that represents the amount of money thinds toj
over a given time span. The most available studies build and examine the avalfiaonetwork at a
daily frequency, in order to detect how money exchanges take place @édneterm. This paper has a
different aim: we are interested in identifying the market structure, i.e. existef stable relationships
among pairs or subgroups of banks, and the persistence of roles aket pasitions. Finally, we want
to interpret our results in the light of the turmoil. Therefore, it seems reddero consider a long time
span, i.e. one solar year. The weight is computed as the annual amount lent friotm j. Formally:

H
Wij = Z;tijz (1)

wheretjj, is the amount of the transactiafromi to j per year, anti denotes the number of transactions
fromi to j per year. Then, we build four networks, one for each year. Thesdisplayed in Figure.
Each network corresponds to an asymmetric adjacency nvatdksizen x n whose generic element is
wij (i=1,...,nj=1,...,ni # j).

The analysis is performed on two levels. First, we consider the full streictiutransactions at the
network level for each year. This provides some general insights ointér@ction among banks. We
then shift our focus to the role of each bank in the network. This secwed d¢ analysis leads to the
identification of market inefficiencies or bottlenecks, i.e. existence argispemce over time of banks
that control the supply or demand of deposits in the market. Their behaxdqgorécing policies are then
studied in detail. We repeat this process for the four yearly networkis. pravides insight on the time
variation of the stability of long-term network reations over time

6 Network relations over the long run

6.1 Empirical results from network-level analysis

We start by computing the so-called ‘network density’. The density of adidenetwork or graph is
the proportion of possible arcs (or ties) that are actually present in trie This is, a measure of
completeness. Formally, the densllyis the ratio of the number of arcs presénto the maximum

5To run the analysis, we use the software packages Bu#s(2008 2010, igraph Csardi and Nepus2006 and tnet
(Opsah) 2007-2011, developed within the R statistical computing environment and specificadligded for network studies.



possible (se®asserman and Fau4994).

(2)

Since an arc can be seen as an ordered pair of nodes, tharenard) possible arcs. The density of
a directed network takes values between O - if no arcs are present -it@all arcs are present. In our
network the value of the density is moderate and almost constant over tinaet,Ithie density coefficient
is 0.17 in 2006 and 2007, 0.16 in 2008 and 0.15 in 2009. Overall, indicatekefisathan 20% of the
possible links among the banks are put in place in the network.

Reciprocity is defined at dyadic level, in the sense that it focuses onlgt®nship between a pair of
nodes. This concepts identifies a mutual exchange of money within a pank$bTherefore, it implies
the existence of a non-hierarchical relationship among them. A nodeigaiis(called ‘reciprocal’ if
there are arcs between them in both directions. Hence, the reciprocitijretted graph is the proportion
of all possible {,]) pairs which are reciprocal, provided there is at least one arc betvesw®lj. Like the
density, the reciprocity index varies between 0 and 1.

2ij 8 &j
r= =<4 - (3)
The values of the reciprocity index for e-Mid are very low and suggedliaitk of bidirectional exchange
between banks. The percentage of reciprocal dyads is always tloareB0% and declines significantly
over time. Itis equal to 28.01% in 2006, 27.73% in 2007, 24% in 2008 andid@09. This indicates
that most of the relationships are asymmetric. In other words, there seesmatatbong distinction of
roles in e-Mid throughout the observation period.

6.2 Perspectives from actor-level analysis

In the second level of the analysis, we study the position of each actor vifteimterbank market
network. The identification of individual contributions to the network actiistya crucial topic in the
literature on social networks. Several measures have been proggsedally to detect the individuals
important for the network, the so-called ‘key players’ (&@rgatti 2006. The available measures
rely on different definitions of key players. For instance, centrality mmesslook at the structural
importance of nodesFfeeman1979. Social capital measures assess which individuals benefit most
from a peculiar network structur8qrt, 1992 Borgatti, Jones, and Everett998. Key-player detection
algorithms identify actors that contribute to cohesion and resource diffositw network disruption and
fragmentation Borgatti 2006.

In this paper, key players are defined as a multi-faceted concept. Tadégemtified by a complex
measure that combines different aspects of trading behavior. In modedimg, each aspect corresponds
to a network metrics. To capture all the information present in the data, wexXasine these metrics
separately. Then, we summarize all the information available into the key plagasure. From an
intuitive point of view, the idea is to measure the importance of a node by loakihgat its direct



ties, which indicate the lending (outgoing) or receiving (incoming) positioa wdde. For this purpose,
we use the concept of degree centrality. This centrality measure identifiesgngnt nodes as those
extensively involved in relationships with other actors.

In detecting the key players, the first aspect to consider is the existéactocs that are particularly
active on one or both sides of the market. In order to factor this into oulysisawe first consider a
measure of dichomotous degree centrality. This measure counts the nuntiesrtbat are incident to
a node or, equivalently, the number of nodes adjacent to itKeeeman1979, given the information
non-directly available from standard datasets. Tie weights are exclulkedirected networks, two
measures of degree centrality can be computed, depending on whethmirigoor outgoing ties are
considered. These are the so-called ‘indegree’ and ‘outdegreeatsy.

Indegree centrality looks at the number of actors that cho@sea counterparty and lend money
to it. This is a proper indicator of a bank’s prestige or popularity. Theomds that it evaluates the
reputation the market recognizesitas a trading partner. This is extremely important in the context of
our analysis. Since our study focuses on a non-collateralized markegsureeof bank’s reputation in
the marketplace conveys relevant information. Indegree centrality is dechps:

k+i = Zeji (4)
J

wherek,; ranges between 0, ithas no incoming ties, aneh— 1).

Outdegree centrality counts the number of nodes to which astards ties, and measui&strading
activity. This statistics sheds light on a bank’s capability to lend resourceieo counterparties, and to
establish and maintain relationships. It takes the form

Kip = Zaj (5)
J

We compute the indegree and outdegree distributions for every year, Whaexamined their shapes, in
order to verify the existence of fat tails, i.e. banks with a disproportionaily or low number of trading
counterparties. In the literature on social networks, this analysis is uquatigrmed by plotting the
empirical distributions against the corresponding power-law onesBaeshasi and Rekd 999. The
power-law distribution claims that the probabil(k) that a node interacts witk other nodes decays
following P(k) O k™Y with an exponeny between 2.1 and 4. This shape of the probability distribution
makes explicit the hypothesis that the networks are build over time througifergmtial mechanism,
with new actors exhibiting a higher probability to connect to more popular aitian to other actors.
This feature leads to a ‘richer-get-richer’ phenomenon, where highmyrected nodes (lard@ have a
large chance of occurring. Furthermore, this topological propertystémdhold for large or complex
networks (e.g., se@zsoylev and Walder2009.

The implications of a power-law shape for the degree distribution of ties édnterbank market are
discussed in several studies of daily transaction, incluttinig De Masi, Precup, Gabbi, and Caldarelli
(2008. These authors observe that the presence of hubs makes the netwartire extremely



vulnerable to intentional attacks and epidemics. Attacks that simultaneously dééraisaall proportion
of the hubs can propagate systemic risks and collapse a scale-fregknetwo

Consistently with these studies, our results on yearly data show that bothisthieutions are
heavily-tailed (see Figur8 for indegree and Figuré for outdegree distribution), although they do not
follow a proper power-law. This shape of the distributions suggests #mepce of a high degree of
heterogeneity across banks in their trading behavior. Several bankarge money with very few
counterparties, whereas other institutions deal with many counterpartiesindiegree distribution is
especially right-tailed, suggesting that some banks borrow from at m@gbdriks until 2008, and 89
in 2009. While the shapes of the in- and outdegree distributions remain alnecsanie over time, a
deeper investigation of the descriptive statistics indicates that the absolugs Yave decreased fairly
constantly, in line with the reduction of the market size. The average nureunterparties is 29.12
in 2006 and 29.27 in 2007, then falls to 25.08 in 2008 and to 20.24 in 2009.

Building on Bech and Atalay(2008, we then explore the financial strength of the actors. The
guestion here is whether either the supply or the demand of deposits islieshby a limited number
of bank§. We study the distribution of the valued degree centrality, better defineddes strength
(Barrat, Barthelemy, Pastor-Satorras, and Vespigrz004. The strength of a node is the sumi&f
incoming or outgoing tie weightsy;. It is an extension of node degree when analyzing weighted
networks, and takes the form:

St = ) Wi (6)
]
for incoming ties and
S+ = ZWij (7)
]

for outgoing ties. Since we define the strength of a tie as the amount lenttfrereender to the
receiver over a given time-span, also the strength of a node sums uthese quantities. For brevity,
the in- and outstrength distributions are not displayed here. Howeveobgerve they resemble the
related dichotomous degree version. They are both skewed and taglagy-suggesting that few banks
borrow or lend large amounts of cash. This is indeed the case especrdigrfowing institutions, as
demostrated by the preliminary analysis of Section 4.

7 Our approach to the detection of the players

From a methodological point of view, node strength and node degrefeangently complementary
measures of node importance. For instance, the use of the weight distribatidead to identifying

nodes that, though having a small degree, mobilize and exert their contadbaoge amount of deposits.
Thus, node strength need be not proportional to node degree. Hemmeanalyze the two measures

6The reader should notice that the high values of market concentragamtsepoint towards this.
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separately, we may obtain incomplete information on node prominence. Likeitedation analysis of
Table4 demonstrates, this is the case in our dataset to some extent. The Peaygelesion coefficient
between the node degree and strength for each year varies betw@€im @808) and 0.65 (in 2009) for
outgoing ties, and between 0.62 (in 2009) and 0.75 (in 2007) for incoming ties

In order to account for both node degree and strength, we computenleeadjized degree centrality
proposed byOpsahl, Agneessens, and Skvor@@10. This index is the product between the number of
nodes the actdris connected to and the average weight to these nodes. The generatiseel centrality
is equal to:

a
CI (i) = ki x (Z) ) g ®
The constantr is a positive tuning parameter that determines the relative importance of theenumb
of ties compared to tie weights. For= 0, the value of the measure equals the degree centrality,
whereas it equals the node strength doe= 1. Following Opsahl, Agneessens, and Skvoré2910),

we experiment with different values af Overall, we find a substantial invariability of the node ranking
to the specification chosen. We then adopt the most conservative apanoé sett = 0.5. In doing so,

we assign the same positive importance to node degree and strength in idgrik&y players. The high
values of Pearson’s correlation coefficient between the distributiotiteeajeneralized degree centrality
with a = 0.5, the degree centrality on one side, and the node weight on the othetfooltgoing and
incoming ties (see Tabld) suggest the appropriatenessG§® (i) as an indicator of node importance
within the network.

Our definition of key players represents a synthesis of the outgoingirii@n@nd incoming
(borrowing) ties. We assume (and attempt to verify) that the actors of thdoamte liquidity market
play different roles, i.e. some mainly lend while others mainly borrow. Somesactgarticular, the
key players, control the resource flow, by lending (or borrowingjdaamounts of money to (from)
many counterparties. Then, they are large liquidity providers or borowEhe former role takes the
form of a combination of lending large volumes to many banks, and of bargpgmall volumes from
few others. The latter role takes the opposite combination. Hence, frommputational point of view,
the key players are identified by a high absolute value of the differerteeeba the generalized out-
and in-degree centralityC§® (i)). If this difference is positive, the key player is a liquidity provider.
Otherwise, it is a liquidity borrower. The presence of actors with partilulsigh values ofC§”, (i)
would represent the definite proof of market distortions in the distributidigoidity. Therefore, this
would also demonstrate that the interbank market is not a perfect market.

Figure5 displays the&c”, (i) distribution for the observation period. For all the years, the distribution
exhibits a similar shape, which is fairly symmetric around 0, i.e. the neutral posifibe first part of
the distribution is flat, then increases steadily, following a linear functionfiaatly very sharply in the
tails. Around 35%-40% of the actors falls in a very small interval arourith@refore, they do not have
a definite role nor market power, but lend and borrow around the samersarmbmoney and to/from
a similar number of counterparties. Their market share is less than 0.2%cdluigbgalue. If we look
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at the steadily increasing part of the distribution, we find banks which gispfarevailing behavior as
lenders or borrowers, although fairly weak. Over each observaq they account for the 35%-40% of
the market and their market share is smaller than 1.0%. Then, the most pigaidity is traded by

a very small number of banks and both sides of the market are charadtesizhe presence of banks
with a clear role. This confutes the assumption of lack of distortions in the liquilistyibution of the
interbank market. The increase in the value<C§ff | (i) and also in the market shares is particularly
sharp after the 3b percentile (and before thelbpercentile). As a consequence, we set a threshold
t1=95h percentile and define as large liquidity providers the banks @#t, (i) > t;. Then, we set
t,=5th percentile and consider as large liquidity borrowers the institutions with a whlG§®, (i) < to.
According to our definition, these banks are both key players.

8 The market role of ‘big providers’ and ‘big losers’

Identifying which nodes play a key role in a network is a difficult task. Thiespecially the case in
financial markets where the opportunistic behavior of market playerdimuitito detect. The descriptive
measures proposed in the previous section point to the presence aliémeiiés and asymmetries in the
interbank market. However, the opacity of the information available doealoat to provide a structural
interpretation of these patterns.

In this section, we provide a detailed discussion of the characteristics béyh@ayers. We start by
focussing on the 95th percentile of the distribut®nThis provides information on the ‘big providers’,
namely on the banks that offer a large portion of the liquidity in the market wiiteolwving little. We
then discuss the evidence on the 5th percentile of the distrib8tidimis tail identifies the ‘big losers’,
which are the key drivers for the net demand for liquidity

The empirical distributions reported in Figuseare characterized by an invariant right tail for 2006
and 2007. A similar picture emerges between 2008 and 2009. The naalegechhough, between 2007
and 2008, thus indicating that an important change takes place in 2007 aM\iaterpret this finding
as evidence that the eruption of the financial market turmoil the Euro arsaguast 2007 changed the
composition of the markét

Who are the key players and how do they behave from an individuat pbiiew? To shed light
on the structure of exchanges, we report some descriptive statistice ¢tentting activities of the big
providers in Tablé, and of the big losers in Tab&® There are several questions of interest. The first one
concerns the market share covered by the big players. In other weedshould understand how truly
important the big players are in the supply of liquidity. The descriptive statigstos Table5 show that
these actors can indeed be dubbed as ‘big’. For instance, in 200@aiidtAe percentage of liquidity
they cover exceeds 33% of the total amount present in the market. Tlgistaghat the key players have
a tight grip on traded volumes both on the lending side and the demand side 6 fabvides evidence
on the supply-side coverage of the big losers. By construction, thestargeborrowers lend only up to

"Tensions in segments of the US Dollar-denominated money marketsrktietir highest point on August 9 2007. In order
to stabilize the market conditions, the ECB started a series of open-nogettions supplying Euro-denominated liquidity.
8To avoid approximation errors, we report statistics from the originalligkick dataset in this section.

12



5% of the market.

What about the drivers for the demand side of e-Mid? Tafles\d 8 report some descriptive
statistics on the borrowing activities of the big providers and the big losespectively. The market
is characterized by some big providers that never borrow. In 2008rtest net lenders borrow for less
than 1% of the market. On the other hand, the big losers control no lessGf@nf4he borrowing side.

How stable is the composition of the group of key players? Tabbesd8 reveal a rich landscape of
behavior. First of all, the identification of the key players confirms the nieckanges in the structure of
the networks that has taken place during the turmoil period. There is atibstiynamics of entry and
exit in the groups of big providers and big losers key across time. Fon@eaonly 67% of the losers
are the same from 2006 to 2007. This figure drops to 44% in 2008. Thfgrosrour previous results
indicating that the interbank market is not composed by actors with long-teategies. Rather, large
net-lending and net-borrowing decisions appear contingent on temdacdors, and are driven only by
opportunistic behavior and short-term strategjies

The changing ranks at the top layer of the lending relations may be duesi@bactors. As stressed
by Heider, Hoerova, and Holthaus€a009, liquidity hoarding takes place for precautionary motives
during phases of market breakdown. Hence, banks that are lartjguidity suppliers at a given point
in time may choose to reverse their course of action and turn into net bosoWke banks may have
even chosen to stay out of the market to avoid the adverse consegwértice increase in system-wide
counterparty risk. The entry-exit dynamics from the group of big losgiastead, largely affected by an
issue of stigma in large demands for cash (se&anga and Ven{®010. Since posting ask trades in
e-Mid generates information available to the whole market, banks have thgiec leave the platform
during phases of market turbulance, and opt for over-the-couatdin.

8.1 The pricing behavior of the key players

The results from the previous section indicate that liquidity is not distributedlgacross participants in
the interbank market. Both the supply and the demand side of e-Mid are lbeahtsg a small number of
banks. This is indeed a distortion in the organization of the market. In this seatinvestigate whether
these structural distortions are also a source for trading frictions. Vdy $ie pricing implications
arising from the division of roles between net lenders and net borsowe

Our first question of interest is related to the cross section of borrowasts c By how far do the
costs for funds vary across banks? At what interest rates do thedniglers lend, in comparison with
the borrowing rates of the big losers? Fig@reeports a box plot of borrowing rates paid by the big
losers. We report information on contracts with four different typesoointerparties. We consider the
big providers and the big losers, on two opposite sides. We also considelesant counterparties two
groups of net lenders and borrowers that do not fall either on the @5¥e 5%-tail of the distribution
8. Figure7 plots similar statistics for the lending rates offered by the big providers

The median borrowing rates are rather similar for the different categofibanks between 2006

9IDifferently from the big providers, the big losers have only Italian coyaries.
10we should stress that Figur8snd7 report data from tick-by-tick transactions, rather than yearly avemageers.
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and 2008. This pattern changes in 2009 though, when the median raths fug losers are markedly
higher than for the other institutions. This may that the worsening of conditiothie interbank market
after the Lehman Brothers bankruptcy has generated an uneven inmobahks borrowing conditions.
In particular, in the distribution of borrowing rates for big losers, therensagority of banks that pay
high interest rates in 2009. However, statistical tests for the differeheeans of the borrowing rates
provide results that are not significant at standard confidence lénealther words, we find no statistical
backing for the hypothesis that the big losers face borrowing rates i th@d are higher than for other
sample periods.

Figure 7 suggests that also the variation of the median lending rates across typetsiefaers or
borrowers is rather limited over the sample period. The difference bettigemedian lending rate
demanded by the big providers and by the other lenders is highest in 28f@8e the beginning of the
turmoil. Also in this case, tests for the difference of means between categdiienders in each year
does not reveal any statistically significant pattern.

The big providers enjoy market power over the distribution of liquidity. Ineottvords, their
behaviour determines how the money supply of the ECB propagates theeMagh Hence, we would
like to understand if the big providers exploit their market power by imposiigng policies that are
more aggressive — or ‘predatory’ — than those characterizing the letieers by charging high lending
rates. Two alternative and ‘extreme’ hypothesis may be proposed. ©®hamd, a bank that controls
the relative supply of deposits within a network enjoys the market power tosenigoding rates higher
than the average rate. In this case, we could think of a network as a nmimticptly-competitive market
where profit-maximizing banks generate profits in excess of a market wifacpe&ompetition. On
the other hand, exchanges within a network may take place becauset@rosg counterparties. A
lender may even avoid charging above-market rates to secure d tafieand for funds that carries a
low counterparty risk. For instance, this may happen when a lender emjpgssistent excess of cash
holdings that raise the internal cost of capital.

The hypothesis that a big provider is an aggressive lender for the ldgsl@snot corroborated by
the data. The difference between the interest rates charged to be bgydasehe average market rates
are positive and statistically significant only for 33% of the big providers0id62 This share does not
exceed 50% in 2007 and 2008. Owing to the overall dry-up of the man@ighout the turmoil period,
this fraction drops to 29% in 2009.

Strikingly the big losers behave as predatory lenders when they suppigitigto the market (see
Table6). In 2006, 5 big losers out of 9 lend at an average rate that is markeghighthan the market
rate. The time variation of the lending rates is somewhat complex though. IDwezdind evidence of
large shifts in the lending rates charged by the big losers across time. fiempare characterized by
a rich dynamics. For 2006 we observe a positive correlation betweeowing rates and the number
of network nodes that is equal to 0.881. In other words, the lending iratesase as a function of the
number of possible counterparties within the reach of network relationgufa differently, a wider

Hwe perform the hypothesis tests on the mean rates witvalue level of 0.05. We have also computed test statistics for
the difference of means across categories of banks for eachTyeanull hypothesis of no difference is, again, accepted in all
the cases. The acceptance of the null is caused by the large variabilityiofe¢hest rates for each category of bank.
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liquidity supply does not contribute to lower the lending rates demanded byghesers in 2006. The
pricing policies change in 2007, when the probability to find a counterpags dot affect the probability
of demanding high lending rates. In fact, for this period, the correlatibmdsn the borrowing rates and
the frequency of exchanges within a network is equal to -0.011. At thee seme, the differences of
pricing strategies are strongly correlated with the intensity of exchangéored®. Despite a sizeable
increase in lending rates in 2008, the frequency of network exchdreyesnes negatively correlated
with the interest ratés. This pattern is completely reversed in 2009 when, again, an aggreswsivey
policy is highly correlated with the chance to exchange within a network oétaige.

8.2 A discussion of the economic implications of our results

The identification of key players that control the demand and supply in theb@rtke market stresses
the role of distortions in the distribution of money supply through the bankistesy. We find that
e-Mid is not a frictionless marketplace as it is not characterized by peséeopetition among banks.
Moreover, we document a disconnect between the demand-supply irodalbinaded volumes and the
market determination of prices. One would expect the forces that devetéraction between demand
and supply of funds to affect the prevailing level of the interest rates tmwwever, over the long run,
that does not take place in e-Mid. In the pricing of interbank loans, théwelkize of the counterparties
in terms of transacted volumes does not matter. Rather, both the lending anortbeing rates are
determined by factors that are not necessarily related to centrality okarbdre market.

There are two obvious considerations in this domain, which are both relatdtk toature of
prices. Interest rates in the interbank market are tied to the monetary ptdicgesof the ECB
as set, for instance, in the interest rates on the main refinancing oper@iét@). In addition,
counterparty risk is a key component that contributes to the market sfrisadhe MRO rates (e.qg.,
seeHeider, Hoerova, and Holthausez009.

The implications of these findings for the formation and evaluation of liquidity Isuppthe ECB is
compelling. Banks need liquidity to carry out their daily operations. In presef consolidated network
links between financial institutions, a buoyant supply of liquidity by a cefaak may not necessarily
‘pass through’ the system due to the presence of the key playersbdnterates are, however, largely
affected by conditions unrelated to traded volumes. In other words, teeeigh market conditions as
measured by the lending rates may appear to ease, the patterns of tradedsvoeed not display a
substantial improvement in periods of market distress.

This discussion suggests that evaluating the impact of the expansionadytyiguolicy carried out
by the central banks during the recent financial crisis should take ictmiatthe persistent distortions
characterizing the market already before August 2007. Under this #@nstructural characteristics
of e-Mid discussed in this paper may cast doubt on the effectiveneseasure for liquidity easing
implemented by central banks.

12| this case, the correlation between borrowing rates and number etisitarge and equal to 0.62.
13The correlations between the borrowing rates, on one hand, and theenamd frequency of trades on the other are -0.45
and -0.39, respectively.
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9 Conclusion

Available studies on network effects in the money market study short-tdatiores between banks. In
this paper, we focus on the long-term patterns of network formation. Wstdejaset from the electronic
platform e-Mid, we provide evidence of evolving relations that inducecairal distortions in the market
during the recent market turmoil. These patterns of exchange are lagatymetric and imply a clear
division of roles between lenders and borrowers. We identify key payet affect the demand and
supply sides of the market, and consider the implications of their pricing stategtrikingly, we find
that only a fraction of the key players use their market power to imposesgjge pricing policies on
counterparties during the turmoil period. This suggests that structutaktthes do not necessarily
translate into trading frictions.

Our results provide relevant economic insights for the conduct of the Itguadlicy of the ECB. The
asset exchanged in the interbank market has a nature very diffesentther ‘standard’ assets. Banks
need cash to carry out their daily operations. However, with marketipatem of roles, a handful
of banks end up controlling how the liquidity provided by ECB is distributedghmut the interbank
market. Hence, changes in the interbank rates alone are not a suitabé&dndicthe successfulness of
a loose liquidity policy.

Our results represent a starting point that can develop into fruitful usseffior future research.
It would be relevant to focus on the issue of systemic risk in the interbankataand to provide
network-based measures for the risk of contagion. We could use aiNermaethodologies to study
whether the big players can be a source of systemic risk, thus contributingtw@ni disruptions.
For this purpose, it would be relevant to study the contribution of the bigeptaio the probability
of fragmentation of a network.

The presentation of the results in this paper has suggested a link betwa@mknformation and
information. It would be important to construct formal measures of asymmetoianation, such as the
probability of informed trading oEasley and O’Har§1987. We could then study the relation between
asymmetric information and indicators of network structure. Since informatiaftésm argued as a
determinant of asset prices (e.g., $&sley, Hvidkjaer, and O'Har2002, we can consider the joint
contribution of private information and network centrality in the determinatiderading rates.
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Figure 1: Descriptive statistics for interest rates on recorded transactio
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Figure 2: Network of transactions (2006-2009)
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Figure 3: Indegree probability distribution with power-law fitting (2006-200

(a) Indegree distribution for 2006 (b) Indegree distribution for 2007
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The goodness-of-fit between the data and the power law are calcukitegltbe method described in
Clauset, Shazili, and Newm&B009 and based on a Kolmogorov-Smirnov statistic. Since the resulting
p-value is smaller than 0.1 the power law is not a plausible hypothesis for the da
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Figure 4: Outdegree probability distribution with power-law fitting (2006200
(a) Outdegree distribution for 2006

(b) Outdegree distribution for 2007
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Figure 5: Distributions of net liquidity providers (2006-2009)
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Figure 6: Borrowing rates paid by the big losers on contracts with four ncajegories of counterparties

(2006-2009)
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8. Categories of counterparties are derived by mea@§df(i) distribution, setting target thresholds as
follows: for 'Big’ C8%, (i) > t1; 'Lender’ 0< CE?, (i) < t1; 'Borr’ t, <CE?, (i) < 0; 'Loser’ C&%, (i) <ta.
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Figure 7. Lending rates offered by the big providers on contracts witin foajor categories of

counterparties (2006-2009)

(a) Lending rates for 2006

(b) Lending rates for 2007
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Table 1: Descriptive statistics on the number of banks and trades

Year N.banks N.trades N.ON trades % ON trades

2006 172 115,886 90,368 77.79%
2007 170 109,178 86,447 79.18%
2008 157 90,534 75,931 83.87%
2009 137 59,969 52,743 87.95%

Table 2: Descriptive statistics on traded volumes

2006 2007 2008 2009
Mean 24.655 22.079 19.896 17.391
Median 15 10 10 10
St. Dev. 31.092 32.486 30.125 21.185
Min 0.050 0.050 0.050 0.050
Max 500 980 1050 1000

Sum 2,228,038.150 1,908,744.240 1,510,761.430 917,266.410
Legend: This table reports traded volumes in million Euros.
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Table 3: Descriptive statistics on volumes lent and borrowed per bank

Amount Lent Amount Borrowed

Year % banks Mean St. Dey. % banks Mean St. Dev.

2006 92% 14,101.51 24,351.13 89% 14,562.00 34,341.58
2007 93% 12,079.71 18,689.38 88% 12,809.26 25,543.71
2008 93% 556.20 527.72 89% 584.21 792.73
2009 92% 379.32 375.44 84% 399.56 536.45

Legend: This table reports volumes lent and borrowed in million Euros.
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Table 4: Pearson’s correlation

Incoming ties Outgoing ties
Indegree Generalized Indegree Instrength Outdegree Generalized Outdegree Outstrength

2006 2006

Indegree 1.00 Outdegree 1.00

Generalized Indegree  0.860 1.000 Generalized outdegree 0.810 1.000

Instrength 0.680 0.950 1.000 | Outstrength 0.560 0.920 1.000
2007 2007

Indegree 1.000 Outdegree 1.000

Generalized Indegree  0.900 1.000 Generalized outdegree 0.810 1.000

Instrength 0.750 0.960 1.000 | Outstrength 0.610 0.950 1.000
2008 2008

Indegree 1.000 Outdegree 1.000

Generalized Indegree  0.880 1.000 Generalized outdegree 0.810 1.000

Instrength 0.740 0.960 1.000 | Outstrength 0.530 0.910 1.000
2009 2009

Indegree 1.000 Outdegree 1.000

Generalized Indegree  0.840 1.000 Generalized outdegree 0.850 1.000

Instrength 0.620 0.930 1.000 | Outstrength 0.650 0.940 1.000

Note: The correlation coefficients are all significant at 0.05 level.
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Table 5: Descriptive statistics on lending activities by the big providers to Hweamarket

Market 2006 1T0187 1T0193 1T0258 IT0259 1T0261 IT0265 IT@26I1T0279 GRO0006

Rate 2.82(0.384) 2.789 2864 2706 2.768 2.777  2.870 2.787 2.915 2.804
Std. 0.401 0394 0328 0.342 0.350 0.396 0.360 0.358 0.416
Tot. amount lent 2228038 52539 35522 81526 67074 67559 7468722498130185 46649
Perc. 100.000  2.358 1594 3,659 3.010 3.032 3.352 8.897 5.843 2.094
N. trades 90368 3394 2852 2975 2741 1497 954 5397 4491 934

Market 2007 ITO175 1T0187 1T0193 1T0224 1T0257 1T0259 ITA261T0269 1T0279

Rate 3.874(0.252) 3.857 3.889 3.806 3913 3.775 3.803 3.950 3.870 3.811
Std. 0.256 0.238 0.258 0.271 0.208 0.246 0.210 0.254 0.243
Tot. amount lent 1908744 32997 61172 39924 39444 99478 6262407%14106468 77576
Perc. 100.000 1.729 3.205 2.092 2066 5212 3.281 5.977 5.578 4.064
N. trades 86447 2352 4320 3633 1723 2961 936 2936 4005 3538

Market 2008 IT0173 1T0186 |I1T0211 1T0224 1T0247 1T0255 IT@261T0269

Rate 3.874(0.252) 3.799 3930 3823 3938 3.695 3.919 3.948 3.852
Std. 0.579 0462 0499 0440 0549 0475 0.386 0.438
Tot. amount lent 1510761 25633 45006 17466 66864 32318 88875 0656148137
Perc. 100.000 1.697  2.979 1.156 4.426 2.139 5.883 3.714 3.186
N. trades 75931 1710 1633 2272 2479 854 1674 995 1852

Market 2009 1T0173 IT0175 170186 IT0197 IT0209 1T0224 IT@&27

Rate 0.66(0.45) 0.729 0.616 0.672 0.468 0.617 0.576 0.761
Std. 0520 035 0365 0.327 0476 0.367 0,510
Tot. amount lent 917266 23492 20170 22248 39087 8502 48730 25744
Perc. 100.000 2561 2199 2425 4261 0.927 5.312 2.807
N. trades 52743 1121 1396 668 1571 1445 2018 1153

Legend: Rate: mean rate; Std.: standard deviation of mean rate; Tot. al@oturibtal amount lent; Perc.: market share of total amount traded; N.
trades: number of trades.
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Table 6: Descriptive statistics on lending activities by the big losers to the waharikeet

Market 2006 1T0162 1T0180 IT0203 I[T0210 1T0267 1T0268 ITOR271T0271 1T0272

Rate 2.82(0.384) 3.013 2575 2.888 2.883 3.022 2938 2971 2854 2.757
Std. 0.356 0.175 0348 0416 0449 0460 0559 0.378 0.334
Tot. amount lent 2228038 1908 100 7130 113 2386 1600 8353 84537 63 44
Perc. 100.000 0.086 0.004 0.320 0.051 0.107 0.072 0375 3.794 0.200
N. trades 90368 137 5 216 68 177 146 214 962 165

Market 2007 1T0162 1T0165 1T0168 [T0203 IT0210 1T0267 ITO271T0272 1T0278

Rate 3.874(0.252) 3.830 3.840 3965 3941 3523 3.829 3.830 3970 3.876
Std. 0.183 0.257 0.191 0.232 049 0.270 0.277 0.241  0.267
Tot. amount lent 1908744 3062 6169 14918 20673 753 7228 22427 2 5149138

Perc. 100 0.160 0.323 0.782 1.083 0.039 0.379 1175 0.269  0.479
N. trades 86447 253 166 87 666 62 475 602 213 656

Market 2008 [T0159 1IT0160 IT0165 IT0168 1T0210 I1T0253 IT@&51T0278

Rate 3.874 (0.252) 4.080 4,146 4.078 3.647 4.047 4,071 3.931 3.311
Std. 0.211 0.203 0.178 0.459 0.261 0.188 0.357 0.689
Tot. amount lent 1510761 18752 11634 202 2780 3862 1199 6438 61012
Perc. 100 1.241 0.770 0.013 0.184 0.256 0.079 0.426 0.670
N. trades 75931 336 327 19 88 216 10 255 594

Market 2009 1T0159 1T0165 1T0168 IT0253 IT0265 1T0284

Rate 0.66(0.45) 0.389 0.282 0.651 0.370 0.838 0.632
Std. 0.184 0.057 0557 0.226 0485 0434
Tot. amount lent 917266 3510 735 124 5304 20444 13525
Perc. 100 0.383 0.080 0.014 0.578 2.229 1.475
N. trades 52743 29 40 8 27 537 352

Legend: Rate: mean rate; Std.: standard deviation of mean rate; Tot. al@oturibtal amount lent; Perc.: market share of total amount traded; N.
trades: number of trades.
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Table 7: Descriptive statistics on borrowing activities by the big providersthe whole market

Market 2006 1T0187 1T0193 11T0258 1T0259 1T0261 I[T0265 IT@26IT0279 GR0006

Rate 2.82 0 0 3135 3171 2795 2535 2968  2.759 2.849
Std. 0 0 0314 0391 0422 0404 0451 0.178 0.095
Tot. amount borrowed 2228038 0 0 5361 2075 13960 5301 2046 39 563
Perc. 100 0 0 0241 0.093 0.627 0.238 0.092 0.002 0.025
N. trades 90368 0 0 293 105 544 260 110 6 11

Market 2007 1TO175 1T0187 1T0193 1T0224 1T0257 1T0259 ITA261T0269 1T0279

Rate 3.874 0 0 3807 3811 3952 3941 3.873 4.029 3.827
Std. 0 0O 0434 0113 0.312 0.225 0.224 0.252 0.255
Tot. amount borrowed 1908744 0 0 5 277 9157 7052 11178 964 276
Perc. 100 0 0 0.0002 0.015 0480 0369 0586 0.051 0.014
N. trades 86447 0 0 2 30 186 234 409 40 24

Market 2008 1T0173 1T0186 1T0211 1T0224 1T0247 |1T0255 IT@261T0269

Rate 3.874 34 4075 3907 4110 3.165 3.962 407  3.958
Std. 0.141 0.084 0.821 0.218 1.364 0.241 0.236
Tot. amount borrowed 1510761 20 267 35 191 19 7956 11 226
Perc. 100  0.001 0.018 0.002 0.013 0.001 0527 0.001 0.015
N. trades 75931 2 26 7 13 2 127 1 21

Market 2009 1T0173 ITO175 11T0186 IT0197 1T0209 1T0224 IT@27

Rate 0.66 0 0 1.102 1.316 0.703 1.3 0.536
Std. 0 0 0.046 0.788 0.328 0.421
Tot. amount borrowed 917266 0 0 106 1645 61 30 5503
Perc. 100 0 0 0.012 0.179 0.007 0.003 0.600
N. trades 52743 0 0 14 117 12 1 377

Legend: Rate: mean rate; Std.: standard deviation of mean rate; Tot. dewumbtal amount borrowed; Perc.: market share of total amount traded;
N. trades: number of trades.
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Table 8: Descriptive statistics on borrowing activities by the big losers framwhole market

Market 2006 1T0162 1T0180 IT0203 IT0210 IT0267 170268 IT@27I1T0271 170272

Rate 2.82 2.753  2.455 2.858 2.874 2.752 2.830 2.804 2.801 2.850
Std. 0.382  0.137 0.414 0.380 0.354 0.366 0.323 0.372 0.393
Tot. amount borrowed 2228038 78235 71569 81035 119242 109788001 146675 211838 224535

Perc. 100 3.511  3.212 3.637 5.352 4.927 6.418 6.583 9.508 10.078
N. trades 90368 4448 1263 2497 6410 4480 6209 6631 4515 6931

Market 2007 ITO162 ITO165 IT0168 1T0203 I1T0210 1T0267 IT@271T0272 1T0278

Rate 3.874 3.912  3.906 3.769 3.814 3.905 3.822 3.911 3.813 3.873
Std. 0.245  0.225 0.247 0.264 0.239 0.314 0.219 0.222 0.231
Tot. amount borrowed 1908744 82588 75635 40668 60414 12314472566 95608 183844 82050

Perc. 100 3.707  3.395 2.131 3.165 6.452 3.496 5.009 9.632 4.299
N. trades 86447 4129 4340 1397 2063 5643 3199 4246 5252 4017

Market 2008 1T0159 IT0160 IT0165 1IT0168 IT0210 IT0253 IT@5I1T0278

Rate 3.874 3.787 3.669 3.855 3.931 3.982 3.810 3.919 4.036
Std. 0.490 0.609 0.515 0.510 0.394 0.424 0.4547 0.371
Tot. amount borrowed 1510761 101169 63802 84500 51164 3779924085 75973 115952

Perc. 100 6.697 4,223 5.593 3.387 2.502 5.642 5.029 7.675
N. trades 75931 2661 2568 5419 1835 1906 1883 3549 5346

Market 2009 ITO159 IT0165 IT0168 IT0253 1T0265 1T0284

Rate 0.66 0.503 0.746 0.5357 0.492 0.632 0.610
Std. 0.430 0.489 0.329 0.383 0.426 0.360
Tot. amount borrowed 917266 49793 47940 130187 27500 74518 86704
Perc. 100 2.000 5.226 14.193 2.998 8.124 7.684
N. trades 52743 1755 3291 5552 734 3288 2977

Legend: Rate: mean rate; Std.: standard deviation of mean rate; Tot. arrmtah&mount borrowed; Perc.: market share of total amount traded; N.
trades: number of trades.
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