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Chapter 1: Introduction 

There has been extensive theoretical and empirical research on banking 

relationship. Relationship banking, although with no precise definition, 

usually refers to the case where the bank provides repeated lending and other 

financial services and at the same time collects borrower-specific information. 

Strong firm-bank relationships have been proved to generate benefits. They 

facilitate monitoring and screening, also reduce information asymmetry 

between firms and banks, which is especially important for small and high 

growth potential firms. 

Information asymmetry always stands in the center of relationship banking. 

Banks gather information from their repeated interaction with firms, beyond 

readily available public information. And this is done not only through 

lending to the firm, but also provision of multiple financial services, such as 

cash transaction and investment banking. Firms enjoys the benefits of 

relationship banking from several aspects, including flexible and more 

discretional contract terms; better monitoring of the collaterals and risks of 

the loans; being able to get funding for long-term projects or during financial 

distress. On the other hand, soft-budget constraint and hold-up problems also 

put a limit on the benefits firms can enjoy from relationship lending. 

Unlike some other studies which focus on the benefits from relationship 

banking, this dissertation looks into how the choices are made regarding their 

relationship banking. Chapter 2 looks at how professional connections affect 

the decision of choosing a certain relationship bank. Chapter 3 investigates 

the impact on firm-bank credit exposure from an event-spurred 

commencement of CDS trading. Chapter 4 studies the relation between 

industry affiliation and the choices of multiple vs single banking relationship. 

Relationship banking, deemed as one of the most effective way to reduce 

information barrier, the set-up of which will also be subject to the degree of 

information asymmetry between firms and banks. In chapter 2, I studies 

professional connections between firm and bank which can lower the 

information barrier and facilitate the transfer of firm-specific information. 
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Professional connection refers to personal ties formed through past 

employments. I study two types of connections. The first type of connection 

exists if there is a director who previously worked for the firm then served the 

bank at a later stage, or the other way round. I call this “first-degree 

connection”. The second type of connection is where an individual from firm 

and another individual from bank have been worked for the same third party 

firm in the past. This is referred to as “second-degree connection”. The study 

first shows that more connections, in terms of both first and second degree 

between firms and banks in the past, lead to a higher probability of 

relationship banking in the future. Subsequently, the issue reduces to the 

question that through which channel do connections play their role. The 

finding verifies that connections indeed facilitate information flow, as it has a 

larger effect when firm and bank are not close, but the effect gets weaker 

when firms have higher stock volatility, which implies connection seems to 

have a “screening” effect.  

As suggested previously, the focus of relationship banking should not be 

taken too literally. For example, banks may function as underwriters for firm 

corporate bonds and absorbing credit and/or placement risk. Another case is 

where banks trade CDS of a firm. Chapter 3 provides an example where 

banks increase lending exposure to firms after they initiate CDS trading of a 

certain firm. Credit default swaps (CDS) are insurance-type contracts that 

offer buyers protection against default by a debtor. CDS allows financiers 

that buy this protection to hedge their credit risk, and offers a channel to better 

monitor firm risks; therefore, these financiers should increase the supply of 

credit to the underlying firms. This study exploits the effects of the so-called 

“Small Bang” by which major European dealers made a commitment on 

March 11, 2009 to European regulators to begin clearing index and single 

name CDS trades through a European central clearing party by July 31, 2009. 

After the Small Bang changes in bank-firm CDS positions led to changes in 

bank-firm credit exposures. Also individual banks that started trading CDS 

on specific firms following the Small Bang changed their credit exposures to 

these firms. We find that the Small Bang spurred more banks to trade the 

CDS on more firms and that this additional bank-firm CDS trading resulted in 

higher bank-firm credit exposures.  
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Both Chapter 2 and Chapter 3 focus on banking relationships between 

German banks and firms. Germany has been deemed as a good environment 

for relationship banking studies, since there are a large number of banks, and 

close firm-bank relationships are prevailing. In Chapter 4, we turn to Eastern 

European countries and investigate the number of industries (a firm operates 

in) as a still-overlooked yet complementary explanation for the number of 

bank-firm relationships that a firm maintains. This paper introduces a novel 

element into the wide and on-going empirical investigation on firm-bank 

relationships. We estimate a three-stage selection model that accounts at once 

for the sequence of corporate choices pertaining to: (1) having a bank or not 

(reported), (2) the multiplicity or singularity of the bank relationship 

arrangement, and (3) the number of bank relationships. The results show that 

higher number of industries the firm operates in corresponds to a higher 

likelihood of relationship multiplicity (when bank relationships are reported) 

and a higher number of bank relationships (when firms maintain multiple 

bank relationships). A sensible yet fascinating corollary is that many banks 

likely specialize (to some degree) in certain industries.  

The main contribution of the thesis to the literature is twofold. First, each of 

the three chapters introduces a less-investigated element to the relationship 

banking literature. By looking at how these elements play a role in firm-bank 

relationships, the thesis confirms the effect of relationship banking as a 

method to reduce information asymmetry and monitor firm risks. Second, by 

exploiting firm-bank level micro data, the thesis provides an extensive 

examination of how choices are made regarding relationship banking and 

what could make an impact on the outcomes.    
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Chapter 2: Professional Connections between 

Firm and Bank: How Do They Impact 

Relationship Banking? 
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Abstract 

 

Abstract: Literature has documented how social connections help reduce 

borrowing cost. However, a related question which would be raised first is, 

do connections formed through personal ties between firms and banks 

facilitate the establishment of firm-bank relationships? To answer this 

question, I focus on professional connections and construct two types of 

connection measures with a sample of listed firms in Germany from 2004 to 

2012. Addressing reverse causality concerns and controlling for a set of firm 

and bank characteristics, I find that more past connections between firms 

and banks lead to a higher probability of relationship banking. Connections 

also foster the transmission of soft information, and the effect of connection 

is larger when firm is distant, while it gets weaker given the firm is riskier 

and with information asymmetry. Decomposing connections according to 

the types of board positions, connected individuals holding supervisory 

board positions contribute the most to relationship banking. 

JEL Classification: G21, G32 

Key words: relationship banking, professional connection, information 

asymmetry 
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1. Introduction 

While a number of studies have shown how social connections exert 

influence on financial transactions, few relate personal connections to 

firm-bank relationships. In this paper, I analyze how professional 

connections between German firms and banks affect relationship banking 

during the period of 2004 to 2012. I study two types of connection between 

firm and banks. The first type of connection exists if there is a director who 

previously worked for the firm then served the bank at a later stage, or the 

other way round. I call this “first-degree connection”. The second type of 

connection is where an individual from firm and another individual from 

bank have been worked for the same third party firm in the past. This is 

referred to as “second-degree connection”. The findings show that a higher 

connectedness in terms of both types increase the probability of setting up 

relationships with this bank. The study also implies that more connections 

can foster soft information transmission and have a larger effect on 

relationship banking when firms are distant; however, such effect gets weaker 

when the firm is riskier and with information asymmetry. While for the banks 

holding a relative larger share in the firm, the effect of connection is stronger, 

indicating that a complementary effect between lending and equity holding is 

more likely to be true.  

There has been a lasting debate on the merits and drawbacks of universal 

banking systems adopted by Germany and Japan compared to Anglo-Saxon 

systems in US or UK (see, Chirinko and Elston (2006); Edwards (1996); 

Gorton and Schmid (2000 )). The earlier research credits German bank-based 

system as providing better access to long-term funding, more expertise and 

improved monitoring. However, recent studies indicate a less favorable 

perspective and relate it with a lower quality of governance (La Porta, 

Lopez-De-Silanes, Shleifer and Vishny (1997 )). Also potential conflicts of 

interest could arise when banks act as shareholders but also creditors 

(Agarwal and Ann Elston (2001 )). However, with the regulation changes in 

Germany, the gap between systems has narrowed. The most relevant change 

for relationship banking study is a change in capital gains taxation which took 

place in 2002, allowing firms to divest equity holdings with no capital gains 

taxes. This change significantly reduced the costs of selling equity stakes for 
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banks, and lead to a decline of average equity ownership by banks in 

non-financial firms from 4.1% in 1994 to 0.4% in 2005, and the number of 

board seats represented by bankers from 51% to 33% (Dittmann, Maug and 

Schneider (2010 )). The regulation changes coupled with the trend of bank 

globalization not only affect banks’ incentives to hold shares in firms (von 

Beschwitz and Foos (2013 )), but probably also the way how banking 

relationship is formed in the first place. In my sample of 959 listed 

non-financial German firms, only 29 firms have their relationship banks 

holding their shares during the sample period from 2004 to 2012. The largest 

percent of shares hold by relationship bank is only around 10%. In my sample, 

an average firm reports 1.38 relationship banks and these recorded 

relationship banks are likely to be the long term lending banks or 

underwriters for securities. The average duration of a bank relationship is 

around 3.8 years. Although only very few relationship banks hold firms’ 

shares, it is very likely that they have professional connections with my 

sample firms. For example, directors of Deutsche Bank have first-degree 

professional connections with 195 firms and second-degree ones with 

director in 560 firms. What’s more, my results show that the effect of higher 

connectedness on banking relationship is even larger given the bank holding 

larger shares in the firm, confirming the effect of equity holding by banks.  

The effect of professional connection on relationship lending can not be very 

straightforward. More connections can disseminate information more 

quickly, yet good information travels just as fast as bad information. In 

other words, this is a double-edged sword (Berger, Kick, Koetter and 

Schaeck (2012 )). In the case of first degree connection, connected 

individuals who go to a firm from a bank may facilitate information 

transmission and place connected firms at advantage of getting loans from 

bank, eg. Those come from a bank may bring insider information to the firm. 

On the other hands, if the individual comes from a firm but works for the 

bank at a later time, she/he may be on behalf of the bank’s benefits and issue 

more subjective or even unfavorable evaluations when outsiders could not 

access such information. So the effect of first degree connection is not very 

clear. What’s more, first degree connection includes the case where a banker 

sitting on the board of a firm. Bankers may face interest conflicts between 

their roles as shareholders and lenders or potential lenders due to different 
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payoff structure of shareholders and lenders (see, Jensen and Meckling 

(1976); Kroszner and Strahan (2001 )). When it occurs, bankers may be less 

likely to promote its lending business with banks maintaining an arm’s 

length relationship with the firm. In case of second degree connection, a 

similar but more obvious mechanism could apply. Since connected 

individuals on both parties represent their own benefits, favorable 

information is more likely to transmit. They may also overlook their flaws, 

increasing the default risks of future loans.  

The main goal of this paper is to try to disentangle the causal relation 

between professional connections and relationship lending and see whether 

more connections that are formed long time ago have a positive effect on 

setting up lending relationships. To do this, I construct a sample of all 

German listed firms from 2004 to 2012. I obtained all their relationship 

banks from Orbis and match their names as well as the firm names in 

BoardEx, which will return me all possible first and second degree 

connections between these firms and banks. I also collect information of a 

set of firm characteristics from Orbis and Zephyr, including location, 

ownership structure, M&A, financials and industries. With both relationship 

data and connection data, I will test the following hypothesis: (1) Both first 

and second degree connections can lead to a higher probability of 

relationship lending. (2) Connections may facilitate firms with information 

asymmetry or with higher riskiness to set up relationships with banks.  

A major task for my study is to identify the direction of causality, since one 

could argue the endogeneity of professional connections. The set up of 

causal link requires me to eliminate the possibility that a firm may invite 

individual with bank connections ex ante to join its board and help it get 

loans. To deal with this issue, I look back and search for connections which 

are formed five years ago and see how the number of past connections 

influences their choosing bank relationships five years later. Another 

concern has to do with the unobserved characteristics which might influence 

firm-bank connections and their relationships at the same time. To mitigate 

this concern, I control for a series of firm bank characteristics, including 

firm or bank involved in M&A, geographical proximity, the percentage of 

shares hold by banks, information opaqueness etc. I also use firm*year and 

bank*year fixed effects to control for potential systematic differences 
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between different subsamples, for example, systematic differences between 

connected and unconnected firm or between banked or unbanked firms.  

My results show that firms which have more connections with a certain 

banks are more likely than others to set up bank relationships. The 

coefficients on the connection measures are significantly positive across 

specifications with varying controls and fixed effects. More specifically, in 

the baseline model, one more past first degree connection between firm and 

bank will lead to an increase in the probability of establishing bank 

relationship by 7.7%, holding all variables at their means. Comparing with 

the unconditional probability of around 1% of having relationship with a 

bank, this is an economically significant effect. What’s more, the effects of 

professional connections could be even stronger when the connected firm is 

a distant one, which demonstrates that connected banks have a better access 

to firm private information. However, the effect of connection is weaker 

when the firm is riskier and not easy for outsiders to assess., possibly 

implying a “screening effect”. Connection also has a larger impact when the 

connected bank hold shares in the firm. I also decompose both first and 

second degree connections according to the board position type of the 

connected individual when they work at firm or bank. Individual holding a 

supervisory board position contributes the most, with their coefficients 

being positive and significant, regardless of the place she/he is from.  

There has been a growing literature examining the impact of professional 

connections and network in corporate finance settings. In a related paper to 

mine, Engelberg, Gao and Parsons (2012 ) examine how social connections 

affect loan terms, including interest rate, as well as firm performance. They 

employ US loan data over the period of 2000 to 2007 and find that a 

preexisting personal relationship between borrower and lender will 

markedly reduce the borrowing costs. The effect of personal relation will be 

stronger for borrowers with lower ratings. They also carefully address the 

potential endogeniety of personal relationship by adopting connections 

through first job overlap or common education. My paper complements 

theirs in the sense that I look back to the point when firm choose their 

relationship banks, and see if connections can cause lending relationships at 

the first place. I also find the similar results that more informationally 

opaque firms can benefit more from professional connections. However, my 
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study is also different from theirs in the sense that both my two types of 

connection are formed through work, and my first degree connection is not 

accounted in their sample. I also decompose connections by their type of 

board positions which they did not do. 

Another relevant study is by Dittmann, Maug and Schneider (2010 ). They 

study the role of bankers on the boards of German non-financial firms 

during the period of 1994 to 2005. They look at what these bankers do in the 

board of firms, whether they seek to act as market expertise, equity or debt 

monitors, or for promotion of their own businesses. Their results show little 

evidence of bankers monitoring and some evidence of promoting their own 

businesses. My study assembles theirs from the prospect that my connection 

measures include the cases when bankers sit on the board of non-financial 

firms, since some first degree connected individual in my sample may serve 

in the supervisory board of firms and executive board of banks 

simultaneously.
1
 Also my study is similar in spirit in documenting a 

positive effect of firm-bank connection on winning future businesses. 

However, the majority of my connection measures are not included in their 

paper. Also as stated earlier, most of the relationship banks in my sample 

don’t hold their firms’ share, which could be that their sample period totally 

predating mine or it could be a reflection of the trend of changing banking 

system in Germany.  

My study also relate to the paper by Bharath, Dahiya, Saunders and 

Srinivasan (2007 ), who examine whether past lending relationships 

significantly enhance the probability of securing  future lending and 

investment banking business. They use US large loan data with a period 

from 1986 to 2001. Their model design is quite similar to mine. They 

construct a sample of all potential choices of banks for each firm in each 

year and use models to estimate the probability of winning future business 

when there is past lending relationships between the firm bank pair. 

However, their study doesn’t involve social connections. I account for the 

                                                 

 

1
 According to Germany corporate law, a director cannot sit on two supervisory boards at 

the same time. 
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effect of existing or past relationships by using past relationship dummy, 

and find a strong effect of professional connections both for banks holding 

relationships with the firm in the past and those without.  

My paper contributes to the literature of both social network and 

relationship lending by setting up the causality from connection to banking 

relationships. By focusing on Germany, I also provide new evidence to the 

debate on the benefits and drawbacks of Germany universal banking system. 

In other related work, Ongena, Tümer-Alkan and Vermeer (2011 ) studies 

how firms choose their relationship banks using detailed survey data; 

Ongena and Smith (2001 ) and Farinha and Santos (2002 ) explain the end 

or switch of bank relationships with firm and bank characteristics. Ferreira 

and Matos (2012 ) study how bank control of firms by representing on firm 

boards or institutional holding influence their lending to the firm and loan 

terms. Braggion (2011 ) investigate the manager’s membership of the 

network Freemasonry and how this affects firm’s performance; Cohen, 

Frazzini and Malloy (2008 ) and Kuhnen (2009 ) investigate the social 

connections in mutual fund industry and make references that connected 

stocks/advisors are preferred; Siming (2013 ) looks at private equity firms 

and conclude with similar results. Cai and Sevilir (2012); Ferreira and 

Matos (2012 ); Ishii and Xuan (2013); Stuart and Yim (2010 ) study the 

effect of social connections on the benefits distribution after Merger and 

Acquisition deals; Schonlau and Singh (2009 ) find that firms with more 

connections are more likely to undertake acquisitions or to be acquired. In 

addition to M&A, Fracassi and Tate (2012 ) investigates the effect of 

connections on corporate governance and monitoring; Ferreira and Matos 

(2012); Fracassi (2012 ) studies the how social network brings similarity to 

firms’ economic behaviors. Houston, Lee and Suntheim (2013 ) study a 

similar question; however their focus is on bank behaviors. 

The structure of the paper is as follows. Section 2 describes the source of 

data and how I construct my sample. Section 2 also presents the potential 

endogeniety problem and the solutions. Section 3 illustrates the questions to 

test and the estimation results. Section 4 tests the robustness of my models. 

Section 5 concludes the paper.  
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2. Data and sample selection 

2.1. Data and construction of relationship measure 

The sample of this paper is collected from several databases. A main 

resource for firm data is Orbis, which is distributed by Bureau van Dijk, a 

database company who also operates several other databases, including 

Bankscope and Zephyr. These two databases are also sources for my bank 

and merger & acquisition data separately. An advantage of using this set of 

databases stem from that they have common firm identifier, which is called 

“BvD ID”, in which case one can expect more consistency in matching 

between different databases. More importantly, Bureau van Dijk will track 

the identity of the firm and “BvD ID” rarely changes over time. Orbis 

provides detailed firm information for over 100 million firms globally, 

including firm type, financials, industry classifications, directors and 

advisors, and ownership structures. Specially, Orbis contains the names of 

firms’ relationship banks. Although it does not specify what these banks do, 

but it’s very likely that they are relationship lenders or underwriters for 

securities, or provider of other financial services. An average firm reports 

1.38 banks as its relationship bank, so it’s not the case that firms just report 

randomly or all their connected banks as relationship banks. This evidence 

corresponds to a high degree of concentration in borrowing found by 

Harhoff and Körting (1998 ). I first select all listed and formerly listed firms 

in Germany from Orbis and obtain their “BvD ID”. I exclude all financial 

firms (SIC code 6000-6999), since their relationships with banks have 

fundamental differences from firm bank relationships. This step returns 959 

firms. In order to retrieve a firm’s past relationship banks, I resort to the old 

version Orbis and obtain all their relationship banks in each year from 2004 

to 2012. There are around 281 banks recorded by at least one firm as 

relationship banks. They constitute the potential set of relationship banks for 

my sample firms. That is, for each firm at year t, I create a set with all 

potential lenders. However, I will also remove a bank from the set if it is 

inactive in that year, which indicates that it won’t be chosen any way. The 

dependent variable is a dummy variable which equals one if firm i reports 

bank relationship with bank j at year t, and zero otherwise. One concern 

regarding using the observation unit at firm bank year level is that, firm may 
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be locked into banks over time and once started, firms may keep a long-term 

relationships with few banks (Ongena and Smith (2001 )). However, this is 

not necessary the case for my sample. 65% of the relationships have ended 

before the last year of their sample period or have breaks between years. It 

is possible that as the connection between the firm and bank gets weaker, 

the likelihood that their relationship ends becomes higher, or replaced with 

another more closely connected bank. I also create a variable “past 

relationship” to control for the effect of “stickiness” of relationship. It is one 

if the firm and bank have banking relationship in the past.  

2.2. Data on professional connections 

Another main data source is BoardEX. BoardEX collects biographical 

information regarding the characteristics along with career history of board 

and non-board directors from corporations worldwide. I manually match the 

names of my sample firms as well as relationship banks in BoardEX and put 

them in two separate lists. I carefully take care of the different versions of 

the names.  BoradEx will then return all the possible connections between 

any firm and bank from these two lists. Connections are defined in two 

dimensions, namely the first degree connection and the second degree 

connection. A firm has a first degree connection with a bank if there is a 

director who previously worked for firm i then served at bank j, or the other 

way round. A second degree connection exists if one director from firm i 

and another director from bank j were active members of the same 

third-party firm at the same time in the past. The third party firm cannot be 

the connected firm or bank in any way. Following Houston, Lee and 

Suntheim (2013 ), I put the restriction that one individual cannot contribute 

to more than one connection between a firm and a bank. So if there are three 

individuals in firm i who connect with four individuals in bank j, the 

number of connections between firm i and bank j is three. I collect 

information on the start year and end year of these bank and firm positions, 

as well as the type of board position those connected individuals hold when 

they work at bank or firm. They could be supervisory board position, 

executive board position or non-board position. The complete description of 

all variables can be found in table 1. 
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[Insert table 1] 

2.3. Endogeneity and construction of connection variables 

It is conceivable that professional connections might be endogeneous. The 

first concern is reverse causality. For example, to win lending relationships 

from a bank, firms may invite directors who previous worked for the 

particular bank, or directors who have professional connections with board 

members from that bank. To eliminate such possibility, I take advantage of 

the long horizon of my professional connection data and only look at 

connections which are formed long time ago. Specifically, for both first and 

second degree connections, only connections that are formed five years 

prior to the observation year are taken into account. Such long gap between 

the formation of connection and relationship lending year could almost 

exclude the possibility that my connection measure is endogenously 

determined. In robustness, I also use 3 years as a cut-off, and basically there 

is no change to my results. A more illustrative way to show the process of 

constructing the connection measures is in figure 1 and figure 2. 

[Insert figure 1 and figure 2] 

 For first degree connection, suppose an individual A worked at Deutsche 

bank from 1993 to 1996 and Siemens AG from 1996 to 2005. From 1998, 

which is the fifth year after he first joined Deutsche bank, he will be counted 

as a connected individual between Siemens AG and Deutsche bank. Since 

my sample year starts from 2004, the individual will contribute one first 

degree connection to this firm-bank pair in year 2004 and 2005. However, 

since he is no longer in Siemens AG after 2005, say he went to a third firm, 

he won’t be counted as a connected individual between Siemens AG and 

Deutsche bank from 2006. “Connection Degree-1 All type” in year t is the 

sum of all first degree connections between a firm and a bank that are 

formed no later than year t-5. “All type” indicates that, if the connected 

individual has rotated over several boards, the whole period he works for the 

firm or bank will be taken into account when calculating the start year and 

end year of his position at the firm or bank. 
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For second degree connection, a similar logic applied. Suppose individual B 

worked at EVOTEC AG from 1998 to 1999. Individual C worked at 

Commerzbank from 2008 until now. Individual B and Individual C have an 

overlap in their career at Deutsche Bank from 2002 to 2006. From 2007, 

which is the fifth year after the start year of their overlap at Deutsche Bank, 

the connection contributed by Individual B and Individual C is taken into 

account for this firm-bank pair. “Connection Degree-2 All type” in year t is 

the sum of all second degree connections between a firm and a bank that are 

formed no later than year t-5. The meaning of “All type” is the same as 

defined above.  

I also decompose connections according to the type of the board position the 

connected individual holds when they work at firm or bank. If an individual 

have rotated over different boards when she/he works at the firm, each 

board membership will be counted as if it is a separate job. “Connection 

Degree-1 type1-type2” in year t is the number of first degree connections 

between a firm and a bank that are formed no later than year t-5, while 

counting only the cases where the connected individual hold a type1 

position when she/he works at firm j and a type 2 position when she/he 

works at bank j. Similarly, “Connection Degree-2 type1-type2” in year t is 

the number of second degree connections between a firm and a bank that are 

formed no later than year t-5, while counting only the cases where the 

connected individual A holds a type 1 position when she/he works at firm j 

and the connected individual B holds a type 2 position when she/he works at 

bank j. It should be noted that, the sum of all “Connection Degree-1 

type1-type2” is not necessary the number of “Connection Degree-1 all type”, 

since “Connection Degree-1 type1-type2” are not mutual exclusive. For 

example, one may contribute both to “Connection Degree-1 SD-SD” and 

“Connection Degree-1 ED-SD” if the individual has been reassigned to an 

executive board position later from the supervisory board. Table 2 tabulates 

the description of banks ranked by their number of connections in total as 

well as number of connections decomposed by board type combination. 

Table 3 presents the summary statistics and distribution by year. 

[Insert table 2] 

[Insert table 3] 
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Usually a firm has more second degree connections than first degree 

connections. The banks that are ranked higher are connected widely with my 

sample firms, For example, Deutsche Bank is connected with 60% of the 

firms. The distribution of relationships is more concentrated, with the top 

three banks maintaining relationships with more than 50% of firms.  

Even though reverse causality is addressed by how I construct my 

connection measures, one might still argue that professional connections be 

correlated with unobserved firm or bank characteristics which drive the 

choices of relationship banks. One possible channel is that, large firms have 

more directors and thus share more connections with banks on average. 

Their having bank relationships with large banks could be that they are 

more transparent and operating in a wider scope (Ongena and Yu (2013 )). 

If this is the case, I cannot credibly establish the causal link that more 

connections lead to banking with a certain bank. To solve this problem, I 

use firm*year and bank*year fixed effects to control for unobserved firm 

and bank attributes. Fixed effects not only apply to the above concerns, but 

also controls for systematic differences between connected and unconnected 

firms or banks, or firms with or without bank relationships. Another solution 

is to restrict the regression sample to those firm-years in which there are at 

least two relationship banks. In doing so, I will be able to compare the 

effects on having banking relationships by banks of different connectedness, 

while not absorbed by firm*year fixed effects. Although focusing on 

intensive margin will lose many observations, I also gain from an enlarged 

effect of connections on banking relationship, since an average firm chooses 

1.38 relationship banks, resulting in more than 96% of the relations dummy 

in the original sample being zero.  

2.4. Firm-Bank level controls 

Besides fixed effects, I also control for a set of firm-bank level attributes 

which may play a key role in the determining relationship banks.  

First, using ‘BvD ID’, I retrieve all the Merger & Acquisition deals in which 

my sample firms and banks have involved in from Zephyr. They are 

involved if they either participate as an acquirer or target. I employ two 
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dummies, Firm involved in MA and Bank involved in MA, which equal to 

one if the firm or the bank have been involved in a Merger & Acquisition 

deal which was announced in the previous year separately. I put the 

restrictions on both variables that, the acquired stake should be larger than 

50% of the target’ total shares and the acquirer should hold the majority of 

the target’ stake after the acquisition. This will filter out those M&A deals 

which don’t make any difference, eg. Miner increase in holding of another 

company by the firm usually doesn’t affect it choosing another bank as 

relationship bank, however, acquirer may take over all the businesses of the 

target, including the relationship banks, if it acquires dominate shares of the 

target company. 

Another firm-bank level control is geographical proximity. Firms bear a 

lower cost when they borrow from a bank nearby. It is thus important to 

control for distance, otherwise my results may capture the simple 

coincidence that distance influence relationship lending and connection 

sharing at the same time. Also distance can be seen as a proxy for 

information asymmetry: banks find it less costly to monitor and assess firms 

located closer. I resort to old version Orbis and old version Bankscope to 

retrieve the headquarter cities and postcodes of my sample firms and banks 

in each year. I use two variables to measure geographical proximity, a 

dummy indicating whether the headquarters of the firm and bank are located 

in the same city, another is the distance between the two headquarters. The 

distance is calculated using postcodes mapped to its coordinates.  

The last set of firm-bank level controls is the percent of shares. It measures 

the percent of shares of firm i held by the bank j in the previous year. I 

retrieve ownership data also via old version Orbis. Orbis collects the 

shareholder names, percent of shares they hold and their “BvD ID” if 

available. For each shareholder, Orbis collects information on the percent of 

direct shares it has, as well as the percent of indirect shares if this 

shareholder also owns another corporation which holds stakes in firm i. I 

match my sample banks with the ownership data at firm level and use the 

actual total percent of shares as my measure for shares owned by 

relationship banks. Interestingly, an average firm in my sample has around 

7.5% of shares hold by banks, while in contrast, only 0.03% of shares are 

held by their relationship banks. This could be evidence that the relationship 



19 

banks in my sample are not simply the largest equity holders of firms. I also 

employ a dummy variable which is one if the bank holds more than 3% of 

the firm’s share.  

2.5. Other firm level controls 

Previous literature demonstrates the effectiveness of relationship lending in 

reducing information asymmetry between a firm and bank. However, 

information asymmetry also affects the set up of relationship banks ex ante. 

For example, foreign banks tend to establish relationships with more 

transparent firms, since they may be at a disadvantage of processing soft 

information (Berger, Klapper, Martinez Peria and Zaidi (2008 )). I use stock 

volatility to proxy for information opaqueness and also the riskiness of the 

firm, since firms with highly volatile stock prices may be harder for 

outsiders to assess their risks. Such firms may have higher forecast errors 

when analysts predict their earnings (Krishnaswami, Spindt and 

Subramaniam (1999); Krishnaswami and Subramaniam (1999 )). Stock 

volatility is calculated as the coefficient of variation of the firms’ stock 

prices using monthly stock data. It is the ratio of a firm’s standard deviation 

of its stock prices to its mean over the past 12 months.  

At last, I control for the number of industries, which is a measure of 

industry diversification. A diversified firm may seek banks specialized in 

different sectors to satisfy its financing requirement for each line of business. 

What’s more, to control for the simply size effect that firms with more 

directors share more connections with others, I use the number of directors, 

which is also obtained from old version Orbis.  
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3. Results 

3.1. Are firms and banks sharing more connections more 

likely to establish banking relationships?  

3.1.1. First degree connection 

The first question one would ask is, whether more first degree connections 

translate into a higher probability of relationship banking. To answer this 

question, I estimate linear probability models with the number of first 

degree connection as my main explanatory variables. 

 

The dependent variable is the relationship dummy. I also use two fixed 

effect to control for unobserved heterogeneity, which are defined at 

firm*year and bank*year levels. I did not adopt logit models, since logit 

model with fixed effects could results in decrease of observations. To allow 

for correlation between errors within a firm’s choice set, I estimate all the 

models with their standard errors clustered on firm year level (Sufi (2007 )). 

[Insert table 4] 

The first four column of table 4 presents the results. In column 1, I control 

for firm*year and bank*year fixed effects, and the results returned show that 

more first degree connections in the past lead to a higher probability of 

relationship banking. The point estimate of Connection - All type is 0.0770, 

which is statistically significant at the 1% level. The coefficient is also the 

marginal effect, indicates that one more past first degree connection 

between firm and bank will lead to an increase in the probability of 

establishing bank relationship by 7.7%, holding all variables at their means. 

Seeing the unconditional probability of having a relationship bank is 0.0112 

(table 3), this is a relatively substantial effect. I also add these two fixed 

effect in model 2 and only firm*year fixed effects in model 3, since model 3 

i,j,t i,j,t i,j,t i,t
Relation Dummy (Connection All type ,  Firm Bank level controls ,  Firm level controls )        (1)f  
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include firm level controls. While the concern of omitted variable bias is 

addressed with these fixed effects, the coefficient of first degree connection 

in model 3 remains significant at 10% level. What’s more, the adjusted 

R-squared is fluctuating above 0.5 from model 1 to model 3, implying that 

the number of first degree connections, as well as firm and bank level 

controls indeed explain to a large extend the phenomenon of banking 

relationships. 

Besides, I also add a gradually increasing number of control variables in 

model 1 to model 3. Some estimated coefficients, especially firm bank level 

controls are noteworthy. It is not surprising that percent of shares has an 

insignificant coefficient in most of my models, as well as its scaled version, 

share above 3%. As discussed above, only very few banks in my sample 

hold stakes of their relationship firms. This could be the evidence of a 

decreased gap between the Germany banking system and the system of 

other parts of the world.  The estimation results verify such argument, 

showing that how many shares the bank hold doesn’t matter – firms choose 

their relationship banks on a more independent basis, or they may even 

avoid using banks that hold their shares, in which case conflicts of interest 

may occur (Kroszner and Strahan (2001 )). However, the coefficient of 

share above 3% interacted with 1
st
 degree connection is significant, 

indicating that the effect of connection is more pronounced when the bank 

also holds a larger stake in the firm. Assuming that professional connection 

between firm and bank facilitate the transfer of soft information, then 

holding equity enlarge such effect, probably because it aligns the bank’s 

incentive more with that of equity holders, making information flow more 

easily (Mahrt-Smith (2006 )). This also indirectly confirms that equity 

holding and lending to the same firm to be complements. While 

Headquarter in same city has a positive effect in establishing relationships 

most of the time, the distance between firm and bank negatively influence 

their having a bank relationship. This also confirms the finding by Agarwal 

and Hauswald (2010 ) that firm located far away is more likely to switch 

banks, or can be seen as a parallel finding to the spatial price discrimination 

found by Degryse and Ongena (2005 ). Both firm involved in MA and its 

interaction with connection have insignificant coefficient, possibly because I 

already restrict the sample to those firm-years with at least two relationship 
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banks. Merger and Acquisition could largely change the ownership structure, 

and old bank relationship may all come to an end during firm restructuring. 

Past relationship shows a very strong positive effect, confirming my 

previous concern that relationships tend to be sticky and firms might be held 

up by a bank. At last, the number of industries is positive and significant, in 

support of the argument by Ongena and Yu (2013 ) that a larger number of 

industries corresponds to a higher probability of relationship banking.  

3.1.2. Second degree connection 

The right three columns of table 4 present the estimation results with the 

number of second degree connections as the connection measure. Similar to 

the first degree connection case, the number of second degree connections 

also plays a positive role. Their coefficients are positive and significant 

across specifications, indicating that more second degree connections in the 

past will cause a higher likelihood of relationship banking in the future. For 

example in column 5, the point estimate of the coefficient of second degree 

connection is 0.00614. The marginal effect, which is also 0.00614, implies 

that one increase in the number of second degree connection will cause an 

increase in the probability of establishing bank relationship by 0.614%, 

holding all variables at their means. The marginal effect for one increase in 

the connection number is relatively lower compared to the first degree 

connection, which might be that on average, firm has much more second 

degree connections than first degree connections (Table 3 panel B). 

Marginal increase in the number of second degree connections thus has a 

smaller effect. Also second degree connections are indirect links between a 

firm and bank, so they may contribute less to information transmission and 

reducing information asymmetry. Similar to the first degree connection case, 

I control for firm*year and bank*year fixed effects, as well as an increasing 

number of controls through model 4 to model 6. Again, the inclusion of 

these fixed effects leaves the connection variables almost unchanged. The 

relatively stable adjusted R-squared around 0.5 also shows that the 

connection and other dependent variables play an important role in 

explaining chosen a certain bank as relationship bank.  They follow very 

similar patterns as in the first degree connection case, which I won’t discuss 

in detail here.  
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3.2. Does connection play a role in information transmission?  

Table 4 shows that connections indeed facilitate the set up of relationship 

banks. A natural question would be, through which channel do they play 

their role. Connected directors through professional links are more likely to 

possess and share private information with banks when sharing information 

is in line with their own benefits, compared to connection formed through 

education or social activities. Theoretical and empirical papers have proven 

that, opaque and riskier firms which suffer a lot from information 

asymmetry usually benefit more from relationship lending. On the other 

hand, banks have difficulty and larger cost in assessing opaque and riskier 

firms, thus these firms are at a relative disadvantage in setting up 

relationship banks. Professional connections, as they facilitate setting up 

bank relationship through information sharing and communications between 

firm and bank, their effect may be harmed when firms are riskier or with 

information asymmetries. To test this hypothesis, I divided my sample into 

two quantiles according to their stock volatility and use a dummy variable 

which is coded one if the firm falls into the top 50% quantiles and zero 

otherwise. I also adopt the dummy of whether firm and bank have their head 

quarter in the same city to proxy for information asymmetry. I run linear 

probability models with the two dummies and their interactions with 

connection measures, and the results are displayed in table 5. 

 

 

[Insert table 5] 

i,j,t i,j,t i,t

i,j,t i,t i,j,t i,t

Relation Dummy (Connection All type , Stock volatility dummy ,  

Connection All type  Stock volatility dummy , Firm Bank level controls ,  Firm level controls )           (2)

f 

  

i,j,t i,j,t i,j,t

i,j,t i,j,t i,j,t i,t

Relation Dummy (Connection All type , HQ in same city ,  

Connection All type  HQ in same city , Firm Bank level controls ,  Firm level controls )      (3)

f 
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The first columns of both two connection measures shows the results of 

OLS regressions of Relationship dummy on connection measure, the stock 

volatility dummy and its interaction with connection measure. I also add 

control variables and bank*year fixed effects to these models. In the first 

column, the marginal effect of first degree connection verifies my previous 

argument. One increase in the number of first degree connection will cause 

a change in the probability of being chosen as relationship bank by 12.1%, 

holding stock volatility dummy equal to zero and all other variables equal to 

their means. The marginal effect will be -0.3% if stock volatility dummy is 

set to one, which is almost negligible compared to the high volatility 

quantile case. This difference in effect is also captured by the negative 

coefficient of the interaction term, showing that higher volatility 

corresponds to a lower effect of connection. For second degree connection, 

a similar pattern can be observed. The marginal effect when stock volatility 

dummy equals to zero is 9%, which is larger compared to 3% when the 

stock volatility dummy equals to zero. This might be evidence that 

connections could “screen out” firms which are riskier and harder to assess. 

Another test of the effect of connection on information transmission is to 

use HQ in same city. Banks face a higher cost in monitoring firms located 

far away. Firms, on the other hand, can enjoy lower transportation cost and 

borrowing cost from a closer bank (Degryse and Ongena (2005 )). In the 

second column of both panel for first degree and second degree connection, 

I run OLS regression of Relationship dummy on connection measures, HQ 

in same city and their interaction term. It turns out that one increase in the 

number of connections lead to an increase in the probability of being chosen 

as relationship bank by 4.8%, holding HQ in same city equal to zero and all 

other variables equal to their means. However, the marginal effect becomes 

negative when HQ in same city dummy is set to one. In other words, more 

connections tend to have a larger effect when firm and bank are not in the 

same city. This effect is also captured by the negative coefficient of the 

interaction between connection and HQ in same city. This could be evidence 

that firm enjoys more benefits from professional connections when the bank 

is a distant one. The significant coefficient on the interaction term with both 

stock volatility dummy and HQ in same city reveals that connection can 

indeed play a role through facilitating information flow.  
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3.3. What types of board connections play the dominant 

role? 

In the previous sections, I have demonstrated that firm bank connections can 

facilitate information flow and exert a significant impact on establishing 

bank relationships. Beyond the above findings, one would also want to 

know, which types of board memberships contribute the most to this 

positive effect. Or in other words, which board actually matters? In table 2, I 

show the banks ranked by their number of connections and the distribution 

of second degree connections decomposed by board type combination. On 

average, supervisory board members share more connections with other 

board members, however, there are large variation across banks. To test 

these ideas, I classify each connection into 9 categories according to the two 

connected positions at firm and bank. For each firm bank pair in each year, I 

count the number of connections falling into a certain category which are 

formed five years ago. In table 6, I present the results of OLS regression of 

Relationship Dummy on the number of first degree connections in each 

category and fixed effects.  

[Insert table 6] 

Each model has a connection measure restricted to a certain board type 

combination. SD refers to supervisory board position, ED refers to 

executive board position and NB refers to non-board position. So for 

example, Connection Degree-1 SD-ED is the number of past first degree 

connection with the connected individual holding a supervisory board 

position in firm i and an executive position in bank j. Note that the 

specifications with board combination type ED-ED and NB-ED are not 

reported because there are no more than 5 observations with ED-ED or 

NB-ED larger than zero. The coefficients for connection measures are 

mostly significant if the connected director from the bank holds a 

supervisory board position. The marginal effects are also the coefficients. 

SD-ED type connection has the largest marginal effect 30.3%, that is one 

increase in the number of ED-SD type connections will cause an increase in 

the probability of relationship banking by 30.3%. These set of results show 
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that connections involving supervisory board memberships may contribute 

the most to information transmission and chosen as relationship banks.  

[Insert table 7] 

Table 7 reports the similar tests for second degree connections. Decomposed 

by board positions combinations, I use the number of connections in each 

combination category as the main explanatory variables. For example, 

Connection Degree-2 SD-ED is the number of second degree connection 

where the director from firm held a supervisory board position in firm i and 

the other connected director from bank held executive board position in 

bank j. Unlike in the first degree connection case where only firm 

supervisory board position matters, all types of position play a role. The 

coefficients are all significant and positive at 1% level except for NB-ED, 

possibly as a reflection of the fact that second degree connection represents 

an indirect way of obtaining insider information.  

4. Robustness check 

In addition to the previous sections, I test the robustness of my main results. 

Since most results remain unchanged, they will not be displayed here. First, 

with caution of information loss, I follow Bharath, Dahiya, Saunders and 

Srinivasan (2007 ) and Houston, Lee and Suntheim (2013 ) and restrict the 

potential set of lenders for relationship banks only to the largest 50 banks. 

This will lose the majority of my sample, however, the results remain nearly 

unchanged. Another test is to use scaled version of connection measures, 

namely dummy which is one if there are at least one past connections 

between firm and bank. However, this yields collinearity issue in estimation 

for many specifications, when my dependent variable is also a dummy. 

Besides, I also try to separate the first degree connections according to the 

sequence of the positions. I count separately the number of first degree 

connections when the connected individual first worked at firm i then go the 

bank j, as well as the other way round case. Since the two measures are 

highly correlated, one cannot find differentiated effect when they are used to 

explain relationship establishment. There might be concerns about using this 

year’s control variables in regression models, since one could argue that this 
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year’s relationship banks are already chosen in the last year. To mitigate 

such concerns, I use lagged control variables for all models. Notice that 

using last year’s information, the number of observations for regression will 

drop due to data availability. The effects are relatively weaker, however the 

connection measures keep being positive and significant at 5% level. As 

said before, instead of using 5 years looking back window, I also test a three 

year window. Again, there’s almost no change to my results. At last, I use 

the whole sample instead of the restricted sample. The magnitude of the 

coefficients on connection measure is decreased but significance remains 

unchanged. 

5. Conclusion 

There has been a growing literature on social connections and the role they 

play in corporate finance. Among them only very few discuss how they 

interact with relationship banking. Relationship banking largely relies on the 

use of soft information, which can be generated from the interaction 

between connected directors. In this paper, I focus on professional 

connections, namely connections involving job switching or being formed 

during common past work experience. I use a sample of listed firms in 

Germany and their relationship banks from 2004 to 2012, and answer the 

following questions: (1) Do more connections between firm and banks in 

the past lead to a higher probability of relationship banking in the future? (2) 

If yes, through which channel do connections play a role? (3) Which types 

of positions contribute the most to information flow and reducing the barrier 

of relationship banking? With a thorough analysis and limiting connections 

to those formed in the past, I find that more connections between firms and 

banks in the past can lead to a higher probability of their having 

relationships in the future. Connections have a larger effect when firms are 

distant; however the effect becomes smaller for firms with high volatility 

stock price. Decomposed by the board membership type, I count the number 

of connections falling into each type combination category and find that 

directors holding supervisory board positions have the largest contribution. 

Taken together, my findings suggest that professional connections create 

value by lowering the costs of acquiring information, screening and 

monitoring. 
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Figure 1 Construction of first-degree connection measure: Using Individual A as an example 
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Figure 2 Construction of second-degree connection measure: Using Individual B and C as an example 
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Table 1 Definitions of variables 

 

Variable Description 

Dependent variable  

Relationship Dummy =1 if the firm i reports bank j as a relationship bank in year t, =0 otherwise. 

  

Connection measures  

  

Connection Degree-1 All type  Number of first-degree connections between firm i and bank j. First degree 

connections exist if there is a connected individual who worked at the bank prior to 

year t-5, then worked at the firm afterwards, or the other way round. ‘All type’ 

counts the total number of connections, regardless of the type of the board 

positions of the individual at bank or firm.  

Connection Degree-1 type1-type2 Number of first-degree connections between firm i and bank j. The definition of 

first-degree connection is the same as above. The type of board position the 

connected individual hold at firm i is ‘type1’, and ‘type2’ when she/he works at 

bank j. Only connections with this combination are counted. ‘Type1’ and ‘type2’ 
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refer to the following types of positions: Supervisory board position (SD); 

Executive board position (ED); Non-Board position (NB). 

Connection Degree-2 All type Number of second-degree connections between firm i and bank j. Second degree 

connections exist if an individual from firm i and another individual from bank j 

have been serving in the same third-party firm prior to year t-5. ‘All type’ counts 

the total number of connections, regardless of the type of the board positions at 

bank or firm. 

Connection Degree-2 type1-type2 Number of second-degree connections between firm i and bank j. The definition of 

second-degree connection is the same as above. The type of board position of the 

first connected individual hold at firm i is ‘type1’, and the second individual at 

bank j hold a ‘type2’ position. Only connections with this combination are 

counted. ‘Type1’ and ‘type2’ refer to the following types of positions: Supervisory 

board position (SD); Executive board position (ED); Non-Board position (NB). 

  

Control variables  

  

Percent of shares  The percentage of shares of firm i hold by bank j in year t. 

Share above 3% =1 if the shares of firm i held by bank j is above 3% of the total shares of firm i in 

year t. 
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Distance The distances between the headquarter of firm i and the headquarter of bank j, in 

thousand kilometers. 

HQ in same city =1 if firm i has its headquarter in the same city as bank j, =0 otherwise. 

Firm involved in MA =1 if the firm has been involved in at least one M&A deal which is announced in 

year t-1, =0 otherwise.  

Bank involved in MA =1 if the bank has been involved in at least one M&A deal which is announced in 

year t-1, = 0 otherwise. 

Number of directors The total number of directors of firm i in year t. 

Number of industries The number of industries firm i has engaged in year t. 

Past relationship =1 if bank j has been a relationship bank of firm i in the past. 

Stock volatility  The coefficient of variation of the stock price of firm i in year t. 

Stock volatility dummy =1 if Stock volatility belongs to the top 50% percentage. =0 otherwise. 
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Table 2 Summary statistics by bank 

This table shows the top 25 banks in the full sample, ranked by their total number of connected firms. The 

numbers in this table are calculated over the whole sample period, from 2004 to 2012. The other banks are 

summed up in the last row. For each bank, the number of firms who have relationships with, number of connected 

firms and total number of connections are presented first, followed by the second degree connection number 

discomposed by board type combination, eg. SD-SD refers to the number of second degree connection, with the 

first individual from firm i holding a supervisory board position and the second individual from bank j holding 

also a supervisory board position. 

Bank Name 

Number of 

firms having 
relationships 

with 

Connected 

firm 
number  

(1st degree) 

Connected 

firm 
number 

(2nd degree) 

Total 

Connection 
number  

(1st degree)  

Total 

Connection 
number 

(2nd degree) 

Connection number decomposed by board type combination (2nd degree) 

SD- 

SD 

SD- 

ED 

SD- 

NB 

ED- 

SD 

ED- 

ED 

ED- 

NB 

NB- 

SD 

NB- 

ED 

NB- 

NB 

               

Deutsche Bank AG 195 166 560 409 4,918 1,528 941 2,475 546 306 895 642 335 1,567 

Commerzbank AG 193 109 519 217 3,492 1,143 842 1,966 339 219 695 388 270 952 

Dresdner Bank AG 135 113 492 244 3,020 1,362 1,160 1,061 455 367 268 527 434 326 

WestLB AG 8 50 454 71 2,197 899 599 733 258 186 205 318 239 289 

IKB Deutsche 

Industriebank AG 5 74 437 88 1,840 946 211 631 274 59 182 284 77 209 

Goldman Sachs AG 1 34 420 47 2,459 438 334 1,206 129 93 354 223 185 812 

Unicredit Bank AG 1 49 414 65 2,385 1,136 714 788 381 245 230 533 289 323 

Landesbank Berlin 

AG 2 47 407 57 1,665 1,079 304 249 305 82 55 400 84 65 
Landesbank 

Baden-Wuerttemberg 16 39 401 61 1,684 427 443 766 123 99 247 161 135 291 

HSBC Trinkaus & 
Burkhardt AG 13 42 400 60 1,696 608 223 937 180 57 288 212 67 346 

UBS AG 1 23 397 26 2,021 554 58 878 200 30 266 282 25 467 
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Bayerische 

Landesbank 12 37 381 54 1,888 497 502 921 130 144 300 189 168 353 

Merck Finck & Co  5 48 381 63 1,698 778 427 453 256 169 154 319 181 246 

Deutsche Postbank 
AG 83 22 379 45 2,077 1,197 530 391 345 168 138 484 221 176 

HSH Nordbank AG 10 32 378 38 1,822 748 278 682 164 80 210 226 95 272 
Baden-Wuerttembergi

sche Bank AG 7 41 347 52 1,253 565 356 292 122 121 86 194 124 117 

Deutsche Bundesbank 11 14 318 14 773 81 332 402 18 82 100 37 133 151 

BHF-Bank AG 19 56 314 62 741 191 230 325 63 57 102 55 57 123 

Landesbank 

Hessen-Thueringen 
Girozentrale - 

HELABA 4 20 312 31 1,000 612 215 137 196 54 41 254 64 46 

Oldenburgische 
Landesbank - OLB 4 27 295 32 754 465 181 48 93 56 17 106 62 16 

DZ Bank-AG 

Deutsche 
Zentral-Genossenscha

ftsbank 12 19 292 27 885 54 276 454 8 80 149 11 113 210 

Bankhaus Reuschel & 
Co. 0 28 287 34 536 404 93 291 129 18 100 137 19 96 

Sal. Oppenheim Jr. & 

Cie. AG & Co. KGAA 3 25 277 30 675 175 15 453 48 0 124 50 4 163 
Deutsche Bank 

Privat-und 

Geschaftskunden AG 11 9 263 9 846 627 253 140 177 67 46 213 92 47 

Other(262) 570 338 5,914 370 9,282 3,620 1,197 2,728 993 306 776 1,357 507 1,342 
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Table 3 Summary statistics 

Panel A presents the number of observations, mean, standard deviation (Std. Dev.), minimum (Min) and maximum 

(Max) values of the sample for regression (firm-years in which the firms have at least two relationship banks), 

within the period from 2004 to 2012. Panel B presents the sample distribution across years.  

Panel A: Full sample summary statistics 

Variable Observations Mean Std. Dev. Min Max 

Relation Dummy 240,236 0.0112 0.1053 0 1 

Connection Degree -1 All type 240,236 0.0011 0.0447 0 6 

Connection Degree -2 All type 240,236 0.0349 0.5001 0 37 

Percent of shares 240,148 0.00002 0.0025 0 1 

Shares above 3% 240,148 0.0002 0.0131 0 1 

Distance 129,608 9.8146 4.9159 0 20.000 

HQ in same city 240,236 0.0080 0.0890 0 1 

Firm involved in MA 240,236 0.0556 0.2291 0 1 

Bank involved in MA 240,236 0.0444 0.2059 0 1 

Number of directors 199,592 8.6775 6.5970 1 87 

Number of industries 199,592 2.0256 1.0154 0 6 

Past relationship 240,236 0.0076 0.0870 0 1 

Stock volatility 113,884 0.2061 0.2161 0 1.44 
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Panel B: Sample distribution by year 

Year (t) 
Number of 

observations 

Number of 

firms 

Number of 

banks 

Average 

number of 

relationships 

per firm 

Average Number of 

connections prior to t-5  

(1
st
 degree) per firm 

Average Number of 

connections prior to t-5 

(2nd degree) per firm 

2004  41,588  148 281 3.2770 0.2568 5.0135 

2005  36,696  132 278 3.0606 0.2045 5.8258 

2006  34,625  125 277 2.9600 0.2160 6.4080 

2007  36,850  134 275 3.0000 0.5224 13.3881 

2008  31,978  118 271 3.1102 0.3729 10.3729 

2009  22,161  83 267 3.0000 0.2048 7.9277 

2010  19,950  75 266 2.9333 0.5067 21.3333 

2011  10,865  41 265 3.0732 0.3415 17.1951 

2012  5,523  21 263 3.3810 0.0000 4.0000 
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Table 4 Impact of number of connections on choosing relationship bank – All type board position case 

This table shows the estimation results from linear probability models of Relation dummy regressing on the 

numbers of connections and control variables. All connections prior to t-5 are taken into account. For each firm in 

each year, I created a set of potential lenders from all relationship banks. I restrict the sample to those firm-years in 

which the firms have at least two relationship banks. The dependent variable Relationship dummy takes the value of 

one if the firm chooses a certain bank as relationship bank. Coefficients for each variable are reported, with stars 

adjacent to them indicating their significance. *** indicates significance at 1% level, ** at 5% level and * at 10% 

level. Standard errors are clustered on two dimensions, firm and year. Standard errors are reported in between 

parentheses.  

 First Degree Connection Second Degree Connection 

 (1) (2) (3) (4) (5) (6) 

       

Connection Degree All type 0.0770*** 0.0373** 0.0558* 0.00614*** 0.00479*** 0.00576* 

 (0.0259) (0.0175) (0.0333) (0.00178) (0.00140) (0.00316) 

Percent of shares -0.0294   -0.0306   

 (0.361)   (0.361)   

Shares above 3%  0.0290 0.0269  0.0249 0.0233 

  (0.0524) (0.0515)  (0.0505) (0.0497) 

Connection × Shares above 3%  0.155*** 0.132*  0.0333*** 0.0303*** 

  (0.0212) (0.0719)  (0.00452) (0.00554) 

Distance -0.000572***   -0.000572***   

 (5.47e-05)   (5.46e-05)   

HQ in same city  0.0742*** 0.0802***  0.0744*** 0.0820*** 

  (0.00720) (0.00854)  (0.00719) (0.00858) 

Connection ×HQ in same city   -0.0806***   -0.0180*** 

   (0.0286)   (0.00471) 
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Firm involved in MA   -0.000459   -0.000941 

   (0.000759)   (0.000758) 

Connection ×Firm involved in MA   0.0227   0.00378 

   (0.0746)   (0.00360) 

Connection ×Bank involved in MA   -0.0155   0.00131 

   (0.0275)   (0.00231) 

Number of directors   4.06e-05   2.02e-05 

   (2.68e-05)   (2.64e-05) 

Connection × Number of directors   -0.000363   -6.62e-05 

   (0.00122)   (8.31e-05) 

Number of industries   0.000357*   0.000369* 

   (0.000189)   (0.000189) 

Past relationship 0.818*** 0.801*** 0.819*** 0.817*** 0.801*** 0.818*** 

 (0.0137) (0.0107) (0.0116) (0.0137) (0.0107) (0.0116) 

Constant 0.0108*** 0.00446*** 0.00362*** 0.0106*** 0.00434*** 0.00367*** 

 (0.000559) (8.89e-05) (0.000476) (0.000560) (9.98e-05) (0.000473) 

       

Observations 129,560 240,148 199,506 129,560 240,148 199,506 

Adjusted R-squared 0.588 0.590 0.578 0.588 0.590 0.578 

Firm*Year FE Yes Yes No Yes Yes No 

Bank*Year FE Yes Yes Yes Yes Yes Yes 
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Table 5 Firm information asymmetry and connection measure on choosing relationship bank – All type board 

position case 

This table shows the estimation results from linear probability models of Relation dummy regressing on the 

numbers of connections and control variables. All connections prior to t-5 are taken into account. For each firm in 

each year, I created a set of potential lenders from all relationship banks. I restrict the sample to those firm-years in 

which the firms have at least two relationship banks. The dependent variable Relationship dummy takes the value of 

one if the firm chooses a certain bank as relationship bank. Coefficients for each variable are reported, with stars 

adjacent to them indicating their significance. *** indicates significance at 1% level, ** at 5% level and * at 10% 

level. Standard errors are clustered on two dimensions, firm and year. Standard errors are reported in between 

parentheses. Marginal effects of connection measure are reported at the bottom, with all independent variables 

except the specified ones (Stock volatility (Dummy) and HQ in same city) held equal to their means. 

 First Degree Connection Second Degree Connection 

 (1) (2) (3) (4) 

     

Connection Degree All type 0.123** 0.0476** 0.00912*** 0.00529*** 

 (0.0501) (0.0194) (0.00342) (0.00141) 

Stock volatility (Dummy) 0.000364  0.000387  

 (0.000465)  (0.000456)  

Connection × Stock volatility (Dummy) -0.124**  -0.00575  

 (0.0518)  (0.00389)  

Shares above 3% -0.00641 0.0292 -0.00826 0.0250 

 (0.0687) (0.0524) (0.0672) (0.0506) 

Connection × Shares above 3% 0.211*** 0.145*** 0.0368*** 0.0328*** 

 (0.0218) (0.0228) (0.00444) (0.00452) 

HQ in same city 0.0585*** 0.0750*** 0.0595*** 0.0766*** 
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 (0.00886) (0.00723) (0.00892) (0.00734) 

Connection ×HQ in same city -0.153*** -0.0577* -0.0145*** -0.0120* 

 (0.0498) (0.0302) (0.00401) (0.00666) 

Past relationship 0.802*** 0.801*** 0.801*** 0.800*** 

 (0.0138) (0.0107) (0.0138) (0.0107) 

Constant 0.00334*** 0.00445*** 0.00320*** 0.00432*** 

 (0.000344) (8.95e-05) (0.000337) (9.96e-05) 

     

Observations 113,805 240,148 113,805 240,148 

Adjusted R-squared 0.639 0.590 0.639 0.590 

Firm*Year FE No Yes No Yes 

Bank*Year FE Yes Yes Yes Yes 

Marginal Effect: increase in the probability of being chosen as relationship bank from one unit increase in the number of 

connections at: 

Marginal effect at volatility_top=0 0.121  0.00900  

Marginal effect at volatility_top=1 -0.00300  0.00300  

Marginal effect at d_samecity=0  0.0480  0.00500 

Marginal effect at d_samecity=1  -0.0100  -0.00700 
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Table 6 Impact of first-degree connection on choosing relationship bank – Decomposed by board position type 

combination case 

This table shows the estimation results from linear probability models of Relation dummy regressing on the 

numbers of 1
st
 degree connections and control variables.  Only connections with the indicated board position 

combination are taken into account. For each firm in each year, I created a set of potential lenders from all 

relationship banks. I restrict the sample to those firm-years in which the firms have at least two relationship banks. 

The dependent variable Relationship dummy takes the value of one if the firm chooses a certain bank as relationship 

bank. The specifications with Connection Degree-1 ED-ED and Connection Degree-1 NB-ED are not reported 

because there are no more than 5 observations with ED-ED or NB-ED larger than zero. Coefficients for each 

variable are reported, with stars adjacent to them indicating theirs significance. *** indicates significance at 1% 

level, ** at 5% level and * at 10% level. Standard errors are clustered on two dimensions, firm and year. Standard 

errors are reported in between parentheses.  

 (1) (2) (3) (4) (6) (7) (9) 

        

Connection Degree-1 

SD-SD 

0.142***       

 (0.0309)       

Connection Degree-1 

SD-ED 

 0.303***      

  (0.0522)      

Connection Degree-1 

SD-NB 

  0.174***     

   (0.0362)     

Connection Degree-1 

ED-SD 

   0.0398    
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    (0.0576)    

Connection Degree-1 

ED-NB 

    0.0202   

     (0.0642)   

Connection Degree-1 

NB-SD 

     0.213*  

      (0.118)  

Connection Degree-1 

NB-NB 

      0.0685 

       (0.0440) 

Constant 0.0112*** 0.0112*** 0.0111*** 0.0112*** 0.0112*** 0.0112*** 0.0112*** 

 (1.37e-05) (1.00e-05) (1.54e-05) (6.23e-06) (5.88e-06) (2.46e-06) (4.03e-06) 

        

Observations 240,236 240,236 240,236 240,236 240,236 240,236 240,236 

Adjusted R-squared 0.219 0.220 0.220 0.218 0.218 0.218 0.218 

Firm*Year FE Yes Yes Yes Yes Yes Yes Yes 

Bank*Year FE Yes Yes Yes Yes Yes Yes Yes 
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Table 7 Impact of second-degree connection on choosing relationship bank – Decomposed by board position type 

combination case 

This table shows the estimation results from linear probability models of Relation dummy regressing on the 

numbers of 2
nd

 degree connections and control variables.  Only connections with the indicated board position 

combination are taken into account. For each firm in each year, I created a set of potential lenders from all 

relationship banks. I restrict the sample to those firm-years in which the firms have at least two relationship banks. 

The dependent variable Relationship dummy takes the value of one if the firm chooses a certain bank as relationship 

bank. Coefficients for each variable are reported, with stars adjacent to them indicating theirs significance. *** 

indicates significance at 1% level, ** at 5% level and * at 10% level. Standard errors are clustered on two 

dimensions, firm and year. Standard errors are reported in between parentheses.  

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

          

Connection Degree-2 

SD-SD 

0.0182***         

 (0.00274)         

Connection Degree-2 

SD-ED 

 0.0429***        

  (0.00549)        

Connection Degree-2 

SD-NB 

  0.0289***       

   (0.00412)       

Connection Degree-2 

ED-SD 

   0.0345***      

    (0.00538)      

Connection Degree-2 

ED-ED 

    0.0638***     

     (0.0142)     
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Connection Degree-2 

ED-NB 

     0.0569***    

      (0.00839)    

Connection Degree-2 

NB-SD 

      0.0336***   

       (0.00744)   

Connection Degree-2 

NB-ED 

       -0.00160  

        (0.0161)  

Connection Degree-2 

NB-NB 

        0.0371*** 

         (0.00777) 

Constant 0.0110*** 0.0109*** 0.0109*** 0.0110*** 0.0111*** 0.0110*** 0.0111*** 0.0112*** 0.0111*** 

 (3.80e-05) (3.94e-05) (4.55e-05) (2.59e-05) (2.88e-05) (3.02e-05) (2.68e-05) (2.50e-05) (2.58e-05) 

          

Observations 240,236 240,236 240,236 240,236 240,236 240,236 240,236 240,236 240,236 

Adjusted R-squared 0.220 0.221 0.221 0.219 0.219 0.220 0.219 0.218 0.219 

Firm*Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Bank*Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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Abstract 

 

Does the trading of credit default swaps increase the availability of credit? To 

answer this question we couple unique and comprehensive bank-firm CDS 

trading data with a credit register containing all relevant bank-firm credit 

exposures, and study how following the Small Bang the commencement of 

trading of CDS on specific firms by individual banks affects the supply of 

credit to these firms by these banks. We find that if a CDS becomes traded by 

a specific bank, bank-firm credit exposure increases by around 8 Million €, 

quadrupling the exposure this bank has to the firm. 

 

JEL Classification: G21 

Keywords: Credit default swaps, bank lending. 
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1. Introduction 

Credit default swaps (CDS) are insurance-type contracts that offer buyers 

protection against default by a debtor.
5
 CDS allow financiers that buy this 

protection to hedge their credit risk; therefore, these financiers should 

increase the supply of credit to the underlying firms.
6
 To directly identify this 

causal effect however remains a challenge. 

In this paper we identify how an exogenously induced commencing of trading 

by individual banks of CDS contracts on specific firms increased the 

provision of credit by these banks to these firms. In particular, we exploit the 

effects of the so-called “Small Bang” by which major European dealers made 

a commitment on March 11, 2009 to European regulators to begin clearing 

index and single name CDS trades through a European central clearing party 

by July 31, 2009.
7
 The Small Bang spurred more trading of CDS. 

Coupling unique and comprehensive bank-firm CDS trading data with a 

credit register containing all relevant bank-firm credit exposures, we can 

investigate how after the Small Bang changes in bank-firm CDS positions led 

to changes in bank-firm credit exposures. We are particularly interested in 

how following the Small Bang individual banks that started trading CDS on 

specific firms changed their credit exposures to these firms (compared to 

                                                 

 

5
 See Stulz (2010) for a review. A large empirical literature explains CDS spreads and 

trading volume (e.g., Ericsson, Jacobs and Oviedo (2009), Tang and Yan (2009), 

Gârleanu, Pedersen and Poteshman (2009), Zhang, Zhou and Zhu (2009), Tang and Yan 

(2010), Bongaerts, De Jong and Driessen (2011), Tang and Yan (2011) and Gündüz, 

Nasev and Trapp (2012). 
6
 CDS have important ex ante commitment benefits in Bolton and Oehmke (2011): By 

strengthening creditors' bargaining power, CDS raise the debtor's pledgeable income and 

help reduce the incidence of strategic default. CDS in Arping (2014) improve the 

credibility of foreclosure threats, which can have positive implications for borrower 

incentives and credit availability ex ante. 
7
 The Small Bang entailed contract changes related to restructuring, alongside separate 

convention changes to the European corporate CDS market and Western European 

Sovereign CDS trades (Markit (2009)). The Small Bang was considered to be a natural 

extension of the Big Bang, which entailed global contract changes as well as convention 

changes in North American contracts and which came into effect on April 8, 2009. 
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those bank-firm pairs were such a change did not take place), thereby 

accounting for salient firm characteristics or firm fixed effects. 

Using this identification strategy (that is applied in this literature for the first 

time), we find that the Small Bang spurred more banks to trade the CDS on 

more firms and that this additional bank-firm CDS trading resulted in higher 

bank-firm credit exposures. This effect is not only statistically significant but 

also economically relevant. If a firm CDS becomes traded by a specific bank, 

bank-firm exposure increases by more than 8 Million €, quadrupling the 

exposure the bank had to the firm before trading its CDS. 

We are not the first to investigate the CDS – credit nexus, but as far as we are 

aware we are the first to couple bank-firm CDS trading information to 

bank-firm level credit exposures to uniquely identify the effect of CDS 

trading on the supply of credit.
8
 At the bank level Norden, Silva Buston and 

Wagner (2014) for example banks with larger gross positions in credit 

derivatives charge significantly lower corporate loan spreads, while banks׳ 

net positions are not consistently related to loan pricing. Shan, Tang and Yan 

(2014) on the other hand find that banks become more aggressive in risk 

taking after they begin using credit derivatives. Loans issued to 

CDS-referenced borrowers are larger and have higher yield spreads if the lead 

banks in the syndicate are active in CDS trading. 

At the firm level Ashcraft and Santos (2009) for example fail to find evidence 

that the general onset of CDS trading in the financial system lowers the cost 

of debt financing for the average borrower in their sample; yet, they uncover 

economically significant adverse effects on risky and informationally opaque 

firms. Saretto and Tookes (2013) find that firms with traded CDS contracts on 

their debt are able to maintain higher leverage ratios and longer debt 

maturities. They find this to be especially true during periods in which credit 

constraints become binding, a finding which is consistent in timing with the 

ability to hedge helping to alleviate frictions on the supply side of credit 

                                                 

 

8
 A somewhat related literature investigates the impact of loan securitization on bank 

lending (e.g., Loutskina and Strahan (2009); Kara, Marqués-Ibáñez and Ongena (2011); 

Loutskina (2011)). 
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markets. Subrahmanyam, Tang and Wang (2013) for example use credit 

default swaps (CDS) trading data to demonstrate that the credit risk of 

reference firms, reflected in rating downgrades and bankruptcies, increases 

significantly upon the inception of CDS trading at the firm level (a finding 

that seems robust after controlling for the endogeneity of CDS trading). 

Additionally, distressed firms are more likely to file for bankruptcy if they are 

linked to CDS trading. 

Though most insightful in highlighting some of the potential consequences of 

CDS trading at the bank or firm level,  none of these papers link an 

exogenous change in bank-firm level CDS trading to bank-firm level credit to 

directly identify the effect of CDS on credit availability: This is the main 

contribution of this paper. 

The remainder of the paper is organized as follows. In Section II, we briefly 

review the contours of the CDS market and the Small Bang. In Section III, we 

describe the data and the methodology. We present the main estimation 

results explaining the degree of concentration in Section IV, followed by a 

series of robustness tests. Section V concludes. 

2. “Big Bang” and “Small Bang” on the CDS Market 

On March 11, 2009 major European dealers made a commitment to European 

regulators to begin clearing index and single name CDS trades through a 

European central clearing party by July 31, 2009 (Markit (2009)). Under this 

so-called “Small Bang” the contract and convention changes were not 

explicitly required for central clearing of CDS trades (any more than the 

changes were required under the equivalent “Big Bang” that took place in the 

U.S. on April 8, 2009). 

The changes to promote greater standardization of contracts were expected to 

improve the ability of central clearing parties to conduct daily hedging 

operations and reduce systematic counterparty risk, as well as benefit trade 

compression and trade processing. Among several convention changes that 

enabled further standardization, European corporates started to trade with 

fixed coupons plus an upfront fee in the market. This, in effect, has facilitated 

a higher flexibility to dealers for their bilateral assignment and termination 
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negotiations throughout the maturity. Second, the creation of an event 

determination committee created a central decision maker to indicate whether 

or not a credit event took place, prevent differing conclusions regarding the 

same event from arising, and again facilitating a higher standardization. Third, 

a hardwired auction mechanism would support a binding settlement price 

when such a credit event occurred. 

[Insert figure 1] 

[Insert table 1] 

In sum, the greater standardization was expected to lead to more trading and 

this is indeed what happened. As Figure 1 vividly illustrates, and Table 1 

more formally calculates, the Small Bang boosted CDS trading. For example 

comparing the four-quarter average CDS position of all banks in our sample 

that are active in the CDS market before March 1, 2009, with their 

four-quarter average CDS position after August 31, 2009, we find that this 

sum of buying and selling divided by two increased from 62.25 Million € to 

67.44 Million €: An increase of 5.19 Million € that is statistically significant 

at the 5 percent level. Similarly their average net CDS position increased 

significantly from -0.12 Million € to 4.35 Million €. 

Even more important for our purposes is the observation that the average 

number of banks in our sample with CDS positions increased from 20 to 26, 

the average number of firms on which a CDS contract is traded from 174 to 

190, and the average number of bank-firm pairs with a CDS position from 

1,017 to 1,126. It is the latter increase in the number of bank-firm 

combinations that is instrumental for our identification of the impact of CDS 

trading on the availability of credit for firms. Turns out that bank lending 

overall actually contracted during the studied period; for example the average 

on balance sheet bank-firm lending position contracted from 11.14 to 7.83 

Million €. Yet, commencement of CDS trading substantially arrested this 

contraction as we will show. 
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3. Data and Methodology 

3.1. Data Sources 

We employ four data sources. A first unique dataset we access is from the 

Depository Trust and Clearing Corporation (DTCC). This position and 

trading data from the DTCC capture almost the entire market for standard 

single-name CDSs capturing more than 95% of globally traded CDSs and 

making it by far the most comprehensive dataset for CDS positions and 

trading.
9
 

For our period of investigation we match DTCC set with three other 

databases, i.e., the German credit register (MiMik), the balance sheet data for 

the firms (Amadeus) and the balance sheet data for the banks (BAKIS). These 

latter three data sources make it possible to observe individual lender shares 

of German banks at firm level and to combine this information with firm and 

bank-specific balance sheet information. 

As the fourth largest economy in the world and a bank-based system, 

Germany is a particularly interesting country to study how the trading of CDS 

contracts affects bank lending. The German universal banking system is 

structured along three pillars, i.e., commercial banks, public sector banks and 

credit cooperatives (Krahnen and Schmidt (2004)), and all three type of banks 

lent to corporates and could enter the CDS market. 

The Deutsche Bundesbank’s credit register (MiMiK) is the main data source 

for the individual exposures of German banks to firms.
10

 Despite obtaining, 

withdrawing and repaying loans  possibly frequently  firms keep their 

individual exposures to banks surprisingly constant over time (3/4 of all 

                                                 

 

9
 Using this dataset Oehmke and Zawadowski (2013) for example document trading and 

arbitrage activity on the CDS market. 
10

 Details on this credit register can be found in Schmieder (2006), and in published work 

by Schertler, Buch and Westernhagen (2006), Hayden, Porath and Westernhagen (2007) 

and Ongena, Tümer-Alkan and von Westernhagen (2012) for example. The Bundesbank 

also maintains a website with working papers based on its credit register. 
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individual exposures vary less than 20 percentage points over time, with a 

median growth of -3.8 percentage points). This persistency in individual 

exposures makes our ensuing estimates of the impact of CDS trading on 

credit even more credible. 

The credit register contains information on large credit exposures of 1.5 

Million € (formerly 3 Million Deutsche Mark) and above.
11

 Therefore, 

exposures to small and medium-sized firms might be underrepresented in this 

database. However, for this study this threshold is less of a concern as most if 

not all CDS contracts that are traded pertain to large firms with 

commensurately large exposures. 

3.2. Methodology 

To obtain differences-in-differences estimates for our variable of interest, i.e., 

the bank –firm loan exposure, we aggregate the matched data into two periods. 

First, we compute four quarter averages before March 1, 2009, and four 

quarter averages after August 31, 2009. These two dates closely match the 

two event dates, i.e., March 11, 2009, when major European dealers made the 

commitment to European regulators to begin clearing index and single name 

CDS trades through a European central clearing party by July 31, 2009, when 

the Small Bang came into effect. We refer to the collapsed periods as “pre” 

and “post”, respectively. Second, we compute first-differences, defined as the 

“post” minus the “pre” values. We estimate by OLS regression models of the 

form: 

    –         Post Pre ij ijij
y y Treated       (4) 

                                                 

 

11
 If the sum of the exposures to firms in a borrower unit exceeds the threshold of 1.5 

Million €, the individual exposure to a firm in that borrower unit is also reported, even if 

it is a small exposure. For a more detailed definition, see Section 14 of the Banking Act 

(Deutsche Bundesbank, 2001). If exposures of 1.5 Million € or above existed during the 

reporting period but are partly or fully repaid, the remaining exposure is reported even if 

the amount is zero. We take the actual amounts of the exposures into consideration. 
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where ij indexes a bank i – firm j pair. The left-hand side of the equation 

measures the “post” minus “pre” change in the average level of our dependent 

variable. 

Treated is a dummy variable indicating the treated exposures (as opposed to 

the non-treated exposures), i.e., those bank-firm exposures whose 

corresponding CDS of firm i was not traded by bank j before March 1, 2009 

(“pre”), but that started to be traded by bank j after August 31, 2009 (“post”). 

The parameter   is a constant term that measures the (“post” minus “pre”) 

change in the average outcome for the non-treated exposures.   is the error 

term. 

The non-treated “control” exposure group contains those bank-firm pairs 

whose CDS on the firm were not traded by the bank both four quarters before 

March 1, 2009 and four quarters after August 31, 2009. But we will also 

check treatment effects compared to a second control exposure group that 

contains those bank-firm pairs observed in the CDS market both before 

March 1, 2009 and after August 31, 2009, and a third control group that 

contains all bank-firm pairs from the first and the second group. 

We note that the standard errors in the above specification do not suffer from 

serial correlation (Bertrand, Duflo and Mullainathan (2004); Petersen (2009)). 

The differences-in-differences estimate is given by β, which measures the 

differential effect of the Small Bang across bank-firm exposures whose 

corresponding bank-firm CDS became observed after but had not been before 

compared to those whose bank-firm CDS trading remained unaltered. 

The crucial assumption in the differences-in-differences specification is that 

the treated and non-treated loans/borrowers would have behaved similarly in 

the absence of the change in the law. Although we can never test this 

assumption perfectly, two important indicators help shed light on the 

plausibility of the assumption. 
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The first indicator is the similarity of the treated and control bank-firm pairs 

with respect to observable characteristics.
12

 We already narrowed down to 

some extent differences between the two groups in terms of exogenous 

characteristics. To start with, we pulled bank-firm exposures from a database 

with a 1.5 Million € hurdle, which involves comparably large firms (as CDS 

are traded on large firms with commensurately large exposures). Next, in the 

regressions we will control for firm characteristics, or alternatively for 

comprehensive sets of firm fixed effects. The inclusion of firm fixed effects is 

made possible by the fact that following the Small Bang not all banks that 

lend to a particular firm will commence trading a CDS on this firm. Their 

inclusion results in a before-and-after comparison of individual bank lending 

to the same firm for which some banks start trading its CDS, while others do 

not. 

[Insert table 2] 

The tests in Table 2 further lead us to conclude that the treated and the control 

groups also differ quite substantially in terms of the endogenous variable, i.e., 

the bank-firm exposure. This difference should not come as a surprise, given 

that we define treated and control group according to different observed 

trading by the bank of the firm CDS. The differences in CDS trading could 

per se explain most differences in the bank’s exposures. Our empirical 

strategy is to analyze how bank-firm exposures respond to the shock in 

bank-level CDS trading on specific firms. 

The second indicator is the similarity between the behavior of the treated and 

the control group before the event. Fortunately, the quarterly frequency of our 

data generates some time series variation that proves helpful to inspect the 

potential presence of worrying “pre-trends” in our dependent variable. In our 

main result section, we will complement our analysis with time series graphs 

for our main variable. By way of preview (see Figure 2), the treated and the 

control groups behave quite similarly before the Small Bang, but not after it is 

announced and implemented, supporting our identification strategy. 

                                                 

 

12
 Banks may lay off credit risk through retention, loan sales and/or CDS (Parlour and 

Winton (2013); Beyhaghi, Massoud and Saunders (2014)). 
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4. Results 

4.1. Main Findings 

Table 3 displays the cross sectional regressions of the difference in the four 

quarter average loan position (“post” minus “pre”) on the indicator variable 

Treated. That is we estimate Equation (1) introduced before. Recall that “Pre” 

refers to four quarters before March 1, 2009, and that “Post” refers to four 

quarters after August 31, 2009. The treated group contains those bank-firm 

pairs that never had CDS positions in the “Pre” period but that started to have 

CDS positions in the “Post” period. The control group contains those 

bank-firm pairs that never had CDS positions in neither the “Pre” nor the 

“Post” periods (we will change the control group in robustness). 

[Insert table 3] 

The estimated coefficient on Treated in Model 1 equals 8.6 ***.
13

 What this 

coefficient implies is that the four-quarter average lending position, which is 

the bank-firm level credit exposure averaged over four quarters (before and 

after), increases by 8.618.000 € if following the Small Bang the bank starts 

trading CDS on the firm compared to when it does not. 

In Model 2 salient firm characteristics, i.e., size, profitability and leverage, 

are added, but the estimated coefficient on Treated is hardly affected: it again 

equals 8.6 ***. Model 3 replaces the characteristics with firm fixed effects; 

the estimated coefficient now equals 9.0 ***. In this case we are in effect 

comparing bank lending to the same firm before and after the Small Bang by 

banks that do and banks that do not commence trading the CDS of this firm. 

That the estimated coefficient is affected so little by this replacement of firm 

characteristics by firm fixed effects further suggests that the firm itself is not 

playing a major role in determining these credit outcomes. Put differently, the 

                                                 

 

13
 *** Significant at 1 percent, ** significant at 5 percent, and * significant at 10 percent. 

For convenience we will also indicate the significance levels of the estimates that are 

mentioned further in the text. 
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banks’ commencement of trading of CDS increases the banks’ supply of 

credit, not the firm’s bank-specific demand for it. 

In Models 4 to 6 we take the logarithm of the lending position. The estimated 

coefficients on Treated now equal 4.2 ***, 4.8 *** and 4.6 ***, implying that 

the bank – firm exposure more than quadruples after the Small Bang makes 

the bank to start trading on the firm’s CDS. This finding implies that banks 

(starting from a potentially small base) are willing to substantially extend 

their exposures to these firms which CDS they now start trading. 

Now, turning to Figure 2 that complements our estimation analysis with the 

time series graphs for the bank-firm lending position. The treated and the 

control group (labeled control group 1 in the figure) behave quite similarly 

before the Small Bang supporting our identification strategy. After the Small 

Bang the treated group bank-firm exposure increases by almost 10 Million € 

to surpass the control group, then to come down somewhat afterwards such 

that the difference between the two groups remains 5 Million €. 

4.2. Robustness 

Finally we subject our findings to a number of additional robustness checks, 

in particular with respect to the choice of the control group. A control group 2 

contains those bank-firm pairs that had CDS positions in both the “Pre” and 

the “Post” periods. A control group 3 contains those bank-firm pairs from the 

control groups 2 and 1 (recall that the latter contains those bank-firm pairs 

that never had CDS positions in neither the “Pre” nor the “Post” period). 

The summary statistics for both control groups are in Table 4, as is a 

comparison with the treated group. Notice that again firms in the treated 

group receive less credit before but a more similar amount after treatment 

than the control groups. Control group 2 is also more similar in firm 

characteristics to the treated group than control group 1 is. Given that the 

CDS of treated firms becomes traded following the Small Bang maybe not a 

surprise (given that the firms in control group 1 remained untraded, while 

those in control group 2 already are traded and remain so). 

[Insert table 4,5 and 6] 
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The six estimated coefficients on the variable Treated (vs control 2) in Table 

5 (with a model line-up like the one in Table 3) imply that the bank-firm 

lending position indeed increased substantially, by around 14.5 Million € (i.e., 

quintupling the bank-firm credit exposures). This is compared to the control 

group of firms whose CDS were traded throughout the period. Actually 

Figure 2 provides strong additional evidence of the relevancy of this effect. 

The figure shows that treated firms pulled equal to control group 2 in terms of 

bank-firm credit exposures and then after the Small Bang started to follow a 

most similar pattern. Suggestive evidence that the Small Bang spurred trading 

of CDS on specific firms by individual banks, and consequently resulted in a 

higher supply of credit by these banks to these firms.
14

 

5. Conclusion 

We couple unique and comprehensive bank-firm CDS trading data with a 

credit register containing all relevant bank-firm credit exposures, and study 

how following the Small Bang the commencement of trading of CDS on 

specific firms by individual banks affects the supply of credit to these firms 

by these banks. We find that if a CDS becomes traded by a specific bank, 

bank-firm credit exposure increases by around 8 Million €, quadrupling the 

exposure this bank has to the firm. Our findings hence provide an affirmative 

answer to the question: Does the trading of credit default swaps increase the 

availability of credit? 

 

 

                                                 

 

14
 Any merger or acquisition activity is accounted for in the data by appropriately 

controlling for the M&A dates. Our results are robust when the merger dates are not 

confined to the event window. 
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Figure 1. CDS trading before and after the Small Bang in Europe 

The figure presents the number of banks, firms, and bank-firm pairs involved 

in CDS trading before and after the Small Bang. "Pre" refers to the period 

before March 1, 2009 and “Post” refers to the period after August 31, 2009.
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Table 1. Summary of the event 

This table contains the means of CDS and lending positions before and after the event. CDS positions are 

aggregated across all counterparties at firm bank level. Both CDS and lending positions are averaged across time. 

“Pre” refers to four quarters before March 1, 2009 and “Post” refers to four quarters after August 31, 2009.  

Differences in means are assessed with the t-test. The symbols ***, **, and * indicate significance at the 1%, 5% 

and 10% levels, respectively. 

 Pre Post Post - Pre P-value 

CDS trading     

Average gross CDS position ((buy+sell)/2) (Million €) 62.25 67.44 5.19** 0.05 

Average net CDS position (Million €) -0.12 4.35 4.47*** 0.00 

Average number of banks with CDS position 20 26 6  

Average number of firms with CDS position 174 190 16  

Average number of bank-firm pairs with CDS position 1,017 1,126 109  

Bank lending      

Average lending position (on balance sheet) (Million €) 11.14 7.83 -3.31*** 0.00 

Average total position (on balance sheet + off balance 

sheet) (Million €) 
33.95 25.52 -8.43*** 0.00 
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Table 2. Summary Statistics of the Variables for the Treated and Control Groups 

“Pre” refers to four quarters before March, 1 2009 and “Post” refers to four quarters after August 31, 2009. The 

treated group contains those bank-firm pairs never had CDS positions in “Pre” period but started to have CDS 

positions in “Post” period. The control group contains those bank-firm pairs that never had CDS positions in both 

“Pre” and “Post” period. Differences in means are assessed with the t-test. The symbols ***, **, and * indicate 

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

 Treated Control Treated - Control P-value 

Number of banks 25 37   

Number of firms 158 223   

Number of bank-firm pairs 375 1,794   

Bank lending     

Average lending position (Pre) (Million €) 4.55 8.63 -4.07* 0.09 

Average lending position (Post) (Million €) 11.27 6.72 4.54*** 0.01 

Average lending position (Post-Pre) (Million €) 6.72 -1.9 8.62*** 0 

Firm characteristics     

Firm ln(total assets) 3.59 3.27 0.32*** 0 

Firm ROA 11.45 17.41 -5.84*** 0 

Firm debt ratio 8.28 17.89 -9.62*** 0 
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Table 3. Change in average lending and CDS trading 

This table displays the cross sectional regressions of the difference in the four-quarter average lending position 

(“post” minus “pre”) on the indicator variable Treated. The model is: 

   –         Post Pre ij ijij
y y Treated       

 

“Pre” refers to four quarters before March 1, 2009 and “Post” refers to four quarters after August 31, 2009. The 

treated group contains those bank-firm pairs that never had CDS positions in the “Pre” period but started to have 

CDS positions in the “Post” period. The control group contains those bank-firm pairs that never had CDS positions 

in neither the “Pre” nor the “Post” period. All models are estimated with robust standard errors. The symbols ***, 

**, and * indicate significance at the 1%, 5% and 10% levels, respectively.  
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 Post – Pre difference of lending Post – Pre difference of ln(lending) 

 (1) (2) (3) (4) (5) (6) 

       

Treated (vs control) 8.618*** 8.564*** 9.012*** 4.179*** 4.771*** 4.594*** 

 (1.902) (2.385) (1.756) (0.438) (0.566) (0.464) 

Firm ln(total assets)  0.608   0.403*  

  (0.745)   (0.216)  

Firm ROA  0.008   0.009  

  (0.034)   (0.009)  

Firm debt ratio  0.018   0.003  

  (0.021)   (0.006)  

Constant -1.901* -3.101 -1.287 -0.481*** -2.430*** -0.656 

 (1.019) (3.123) (1.281) (0.156) (0.889) (0.644) 

       

Firm fixed effects No No Yes No No Yes 

Observations 2,169 1,267 2,169 2,169 1,267 2,169 

R-squared 0.006 0.014 0.242 0.051 0.083 0.224 
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Table 4. Robustness check: Summary Statistics for the Treated and Control Groups 

“Pre” refers to four quarters before March, 1 2009 and “Post” refers to four quarters after August 31, 2009. The 

treated group contains those bank-firm pairs that never had CDS positions in the “Pre” period but started to have 

CDS positions in the “Post” period. The control group 2 contains those bank-firm pairs that had CDS positions in 

both the “Pre” and the “Post” periods. The control group 3 contains those bank-firm pairs from the control groups 2 

and 1 (used in Tables 2 and 3, and contains those bank-firm pairs that never had CDS positions in neither the “Pre” 

nor the “Post” period).  Differences in means are assessed with the t-test. The symbols ***, **, and * indicate 

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

 Treated 
Control 

2 

Treated - 

Control 2 
P-value 

Control 

3 

Treated - 

Control 

3 

P-value 

Number of banks 25 21   37   

Number of firms 158 174   230   

Number of bank-firm pairs 373 1,018   2,812   

Bank lending        

        

Average lending position (Pre) 

(Million€) 
4.55 19.00 -15.11*** 0.00 12.38 -7.83*** 0.01 

Average lending position (Post) 

(Million€) 
11.27 12.26 -0.99 0.74 8.73 2.54 0.24 
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Average lending position (Post-Pre) 

(Million€) 
6.72 -6.74 13.46*** 0.00 -3.65 10.37*** 0.00 

Firm characteristics        

Firm ln(total assets) 3.59 3.68 -0.10 0.22 3.44 0.15* 0.06 

Firm ROA 11.56 12.32 -0.75 0.75 15.32 -3.75* 0.07 

Firm debt ratio 8.28 4.08 4.20*** 0.01 12.23 -3.95 0.12 

  



73 

 

Table 5. Robustness check: Change in average lending and CDS trading 

This table displays the cross sectional regressions of the difference in the four-quarter average lending position 

(“post” minus “pre”) on the indicator variable Treated. The model is: 

   –         Post Pre ij ijij
y y Treated       

 

“Pre” refers to four quarters before March 1, 2009 and “Post” refers to four quarters after August 31, 2009. The 

treated group contains those bank-firm pairs that never had CDS positions in the “Pre” period but started to have 

CDS positions in the “Post” period. The control group 2 contains those bank-firm pairs that had CDS positions in 

both the “Pre” and the “Post” periods. All models are estimated with robust standard errors. The symbols ***, **, 

and * indicate significance at the 1%, 5% and 10% levels, respectively.  
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 Post – Pre difference of lending Post – Pre difference of ln(lending) 

 (1) (2) (3) (4) (5) (6) 

       

Treated (vs control 2) 13.458*** 15.421*** 14.385*** 4.945*** 5.338*** 5.440*** 

 (2.208) (3.049) (2.744) (0.437) (0.579) (0.483) 

Firm ln(total assets)  -4.442*   -0.059  

  (2.322)   (0.251)  

Firm ROA  -0.047   0.003  

  (0.036)   (0.007)  

Firm debt ratio  -0.035   0.004  

  (0.036)   (0.009)  

Constant -6.741*** 9.215 -2.398 -1.247*** -1.277 -0.907 

 (1.515) (7.745) (2.401) (0.154) (0.974) (0.895) 

       

Firm fixed effects No No Yes No No Yes 

Observations 1,393 963 1,393 1,393 963 1,393 

R-squared 0.018 0.024 0.158 0.122 0.124 0.256 
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Table 6. Robustness check: Change in average lending and CDS trading 

This table displays the cross sectional regressions of the difference in the four-quarter average lending position 

(“post” minus “pre”) on the indicator variable Treated. The model is: 

   –         Post Pre ij ijij
y y Treated       

 

“Pre” refers to four quarters before March 1, 2009 and “Post” refers to four quarters after August 31, 2009. The 

treated group contains those bank-firm pairs that never had CDS positions in the “Pre” period but started to have 

CDS positions in the “Post” period. The control group 2 contains those bank-firm pairs that had CDS positions in 

both the “Pre” and the “Post” periods. The control group 3 contains those bank-firm pairs from the control groups 2 

and 1 (used in Tables 2 and 3, and contains those bank-firm pairs that never had CDS positions in neither the “Pre” 

nor the “Post” period). All models are estimated with robust standard errors. The symbols ***, **, and * indicate 

significance at the 1%, 5% and 10% levels, respectively.  
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 Post – Pre difference of lending Post – Pre difference of ln(lending) 

 (1) (2) (3) (4) (5) (6) 

       

Treated (vs control 3) 10.370*** 11.792*** 10.914*** 4.456*** 5.053*** 4.894*** 

 (1.817) (2.511) (1.905) (0.425) (0.556) (0.437) 

Firm ln(total assets)  -2.443*   0.022  

  (1.292)   (0.171)  

Firm ROA  -0.021   0.003  

  (0.025)   (0.006)  

Firm debt ratio  -0.002   0.001  

  (0.016)   (0.005)  

Constant -3.653*** 5.106 -0.909 -0.758*** -1.261* -0.408 

 (0.851) (4.380) (0.916) (0.114) (0.684) (0.406) 

       

Firm fixed effects No No Yes No No Yes 

Observations 3,187 1,986 3,187 3,187 1,986 3,187 

R-squared 0.006 0.012 0.138 0.049 0.070 0.185 
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Abstract 

 

We explain the number of bank relationships a firm maintains by the number 

of industries it operates in, analyzing 3,500 listed firms in 10 Eastern 

European countries. We estimate a three-stage selection model that accounts 

for the choice of having a bank or not, the multiplicity or singularity of the 

arrangement, and the number of bank relationships. Controlling for many 

firm characteristics and accounting for heterogeneity across sectors and 

countries, we find that a higher number of industries corresponds to a higher 

likelihood of relationship multiplicity and a higher number of bank 

relationships, possibly because banks specialize in certain industries. 

 

JEL codes: G21, C41 

Key Words: number of firm-bank relationships, firm industry affiliation 
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1. Introduction 

Banks exist as institutions to help solve informational asymmetries pervasive 

in credit markets. Relationships with borrowing firms may arise not only as 

their natural corollary but also as the primary conduit through which 

informational problems emanate and are dealt with. Yet, despite their 

importance we still may know too little about the value and the fundamental 

characteristics of firm-bank relationships.
16

 

Take the number of bank relationships a firm maintains. The extant 

theoretical banking literature has explained the widely-observed 

phenomenon of multiple firm-bank relationships from various angles (Boot 

(2000)),
17

including the soft-budget constraint (Dewatripont and Maskin 

(1995); Bolton and Scharfstein (1996)), hold-up and bank informational rent 

extraction (Fischer (1990); Sharpe (1990); Rajan (1992); von Thadden (2004); 

Jean-Baptiste (2005); Egli, Ongena, and Smith (2006)), disincentives for firm 

research and development (Bhattacharya and Chiesa (1995); Yosha (1995)), 

and bank risk diversification (Detragiache, Garella, and Guiso (2000); 

Spiegel and Yamori (2003)). 

The empirical literature on the other hand (Ongena and Smith (2000a); 

Degryse, Kim, and Ongena (2009)) has ‒ in addition to providing tentative 

evidence on the importance of some of these fundamental drivers (Farinha 

                                                 

 

16
 Following Mikkelson and Partch (1986) and James (1987) a large literature has studied 

cumulative abnormal returns on borrower stocks around bank loan announcements for 

example (see also e.g., Lee and Sharpe (2009)). 
17

 Though most common, relationship multiplicity remains puzzling because a sole lender 

should be able to provide the most efficient monitoring of borrowers. The involvement 

of multiple banks in lending to a single borrower will lead to a duplication of their 

monitoring efforts (Diamond (1984); Ramakrishnan and Thakor (1984); Boyd and 

Prescott (1986)) and may weaken the incentives of each individual lender to monitor due 

to the opportunities for free-riding (Carletti (2004); Carletti, Cerasi, and Daltung (2007)). 

An exclusive bank relationship may further provide greater (intertemporal) flexibility in 

contract setting (Boot and Thakor (1994); Petersen and Rajan (1995); Dewatripont and 

Maskin (1995)), potentially helping borrowers in obtaining access to financing and 

overcoming adverse economic conditions, or allow for easier product bundling 

(Calomiris and Pornrojnangkool (2009)) and economies of scope. 



80 

 

and Santos (2002); Ioannidou and Ongena (2010)) ‒ also documented the 

“practical” relevancy for relationship multiplicity of firm size (e.g., Degryse 

and Ongena (2001)), its locational footprint and its organization (Berger et al. 

(2005)), its decision processes (Ongena, Tümer-Alkan, and Vermeer (2011)), 

its sector affiliation (e.g., Neuberger, Pedergnana, and Räthke-Döppner 

(2008)) and its country affiliation, the latter potentially due to cross-country 

differences in bank market structure (Mercieca, Schaeck, and Wolfe (2009)), 

bankruptcy costs and judicial efficiency (Ongena and Smith (2000b)), 

banking sector fragility (Detragiache, Garella, and Guiso (2000)) and/or the 

protection of creditor rights (Berger et al. (2008)). Recently empirical work 

has also started to investigate the corporate decision to seek formal banking 

services in Eastern European countries (Brown et al. (2011)), China 

(Ayyagari, Demirgüç-Kunt, and Maksimovic (2010); Degryse, Lu, and 

Ongena (2013)), and Spain (Karaivanov et al. (2010)). 

By focusing on the number of industries (a firm operates in) as a 

still-overlooked yet complementary explanation for the number of bank-firm 

relationships that a firm maintains, this paper introduces a novel element 

into the wide and on-going empirical investigation on firm-bank 

relationships. To this end we study a comprehensive dataset called Orbis that 

uniquely details both the number of bank relationships and the number of 

industries (in addition to many other key firm characteristics) in 2012 for 

more than 3,500 listed firms that are located across 10 Eastern European 

countries.
18

 

In the spirit of Detragiache, Garella, and Guiso (2000) and Guiso and Minetti 

(2010), and methodologically directly following Cerqueiro (2009), Popov 

and Ongena (2011) and Brown et al. (2011), we estimate a three-stage 

                                                 

 

18
 I.e., Bulgaria, Croatia, Estonia, Hungary, Latvia, Lithuania, Poland, Russia, Serbia and 

Ukraine. These countries were repeatedly covered in other studies on firm access to 

bank financing and that rely on a combination of other datasets including Amadeus (e.g., 

Giannetti and Ongena (2009)), Kompass (e.g., Giannetti and Ongena (2012)) and BEEPS 

(e.g., Brown, Ongena, and Yeşin (2011); Brown et al. (2011); Popov and Udell (2012); 

Ongena and Popov (2012)). These ten countries also have consistent reporting of all 

relevant information, including bank relationships. 
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selection model that accounts at once for the sequence of corporate choices 

pertaining to: (1) having a bank or not (reported), (2) the multiplicity or 

singularity of the bank relationship arrangement, and (3) the number of bank 

relationships. 

Controlling for an array of firm characteristics, e.g., importantly various 

measures of firm size, opacity, locational footprint and organization, and 

accounting for all observed and unobserved heterogeneity in the number of 

bank-firm relationships due to firm sector and country affiliation, we find 

that the number of industries the firm operates in corresponds to a higher 

likelihood of relationship multiplicity (when bank relationships are reported) 

and a higher number of bank relationships (when firms maintain multiple 

bank relationships). 

Statistically significant and robust, these findings are also economically 

relevant. An expansion by a firm into 1 more industry increases the 

likelihood of relationship multiplicity by almost 6 percentage points (i.e., a 

semi-elasticity of 8 percent). For firms that already engage two banks or 

more, industry expansion increases the number of bank relationships by an 

additional 0.1 per new industry entered. Though the latter effect may at first 

sight seem economically small, it is essential to note that this result holds 

for firms that already maintain two banks, that firms in our sample can 

operate in up to 13 different industries and that this effect holds ceteris 

paribus, i.e., holding constant firm size, location, organization and many 

other characteristics. 

In sum, firms that maintain multiple bank relationships operate in multiple 

industries. A sensible yet fascinating corollary is that many banks likely 

specialize (to some degree) in certain industries. Despite the common 

understanding among many banking observers that industry specialization 

by banks is a first-order real-world phenomenon, and despite the availability 

of prominent theoretical models that help to explain it (Boot and Thakor 

(2000); Stomper (2006)), there is a surprising lack of empirical evidence on 

its contours and drivers (an exception is Degryse and Ongena (2007) who 

study the impact of local banking market competition on the industry 

specialization of individual bank branches). By investigating how the 

number of bank relationships (a firm maintains) corresponds to the number 
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of industries (a firm operates in), our paper provides the first evidence (we 

know of) on one of the immediate and natural consequences of bank 

industry specialization. 

The remainder of the paper is organized as follows. Section 2 presents the 

data, the variables, and the methodology. Section 3 presents the main 

estimates and robustness checks. Section 4 concludes the paper. 

2. Data, Variables and Methodology 

2.1. Data 

The data we employ comes from Orbis, a database which asserts to cover 

more than 100 million firms globally. Orbis contains records on firm type, 

financials, industry classification, patents, directors, ownership structure, and 

most important for our purposes, records on firms’ bank relationships. In this 

paper we focus on those countries in Eastern Europe that were already 

investigated in other studies and for which especially the relationship 

coverage is most consistent in 2012. We focus on listed firms for which 

many more variables are dependably recorded than for private firms and that 

more likely have multiple bank relationships and are present across multiple 

industries. 

As is commonly done in the literature when investigating bank relationships 

we exclude financial firms (primary SIC codes 6000-6999). Bank-bank 

relationships may occur on the interbank market for example (Cocco, Gomes, 

and Martins (2009)), but will be fundamentally different from firm-bank 

relationships that comprise a variety of services taken, such as deposit, cash 

management, and foreign exchange. It is unlikely that banks are lead 

managers or participants in loan syndicates which in Eastern Europe provides 

only modest amounts of the total financing needed by firms (Giannetti and 

Ongena (2012); De Haas and Van Horen (2013)). 
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2.2. Variables 

2.2.1. Dependent Variables 

The three dependent variables which correspond to the three stages of our 

selection model comprise 2 dummies and a count variable. Table 1 provides 

their definitions and summary statistics. Table 2 reports the pair-wise 

correlations. 

[Insert table 1 and table 2] 

The dependent variable in the first stage we label as At least one bank 

relationship and it is a dummy that equals 1 if the firm reports at least 1 bank 

relationship, and equals 0 if the firm reports no bank relationships. 2,844 

firms report having at least 1 bank relationship, while 766 firms report having 

no relationship. While we focus on countries where relationships are 

consistently reported, we cannot exclude the possibility that (at least some of) 

these firms maintain bank relationships, but fail to report them. At the same 

time the unbanked firms also report lower loans-to-assets and higher liquidity 

ratios, suggesting that maintaining no bank relationships plausibly 

corresponds to a more intense reliance on internal and/or informal financing 

and a less intensive use of the banking system. In either case, our first-stage 

regression will account for both the variation in being banked and the 

availability of information on the firm-bank relationship arrangement. 

The dependent variable in the second stage, i.e., Multiple bank relationships, 

equals 1 if the firm maintains multiple bank relationships, and equals 0 if the 

firm maintains a single bank relationship. 1,955 firms maintain multiple bank 

relationships while 889 firms maintain a single bank relationship. This 

division is consistent with Giannetti and Ongena (2012) for example who 

report that listed firms more likely maintain multiple bank relationships in 

Eastern Europe. 

The dependent variable in the third stage, i.e., the Number of bank 

relationships, equals the number of bank relationships the firms maintains, 

conditional on having multiple bank relationships. This dependent variable 
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therefore ranges from 2 to 13, with a mean that equals to 3. These statistics 

are comparable to Ongena and Smith (2000b) and Qian and Strahan (2007) 

for example who report a mean number of relationships in the overlapping 

sample countries varying between 3 and 5. 

2.2.2. Independent Variables 

i.Number of industries 

The independent variable of main interest is the Number of industries which 

is counting the industries the firm operates in according to the standard 

2-digit Standard Industrial Classification (SIC). The mean firm operates in 2 

industries and the observed number of industries ranges from 1 to 13 (for a 

possible maximum number of 70). 

On the basis of the 2-digit SIC we also classify firms into 1 or more of 10 

sectors so we can include ‒ in addition to a constant and 9 Country Fixed 

effects ‒ a comprehensive set of 9 Sector fixed effects in all specifications 

(the full set of 69 industry fixed effects turns out to be too granular in many 

specifications resulting in a loss of observations and estimation problems).
19

 

ii.Firm Size and Age 

We field 13 control variables. The controls for firm size, i.e., Ln(Assets), 

and firm age, i.e., Ln(Age), are clearly crucial to capture a mere mechanical 

firm and/or loan size effect (e.g., banks may limit their individual exposure 

to each firm) or transition to relationship multiplicity (as in Farinha and 

(Santos 2002)). These variables’ means equal 449 million US dollars and 33 

years, respectively. These two controls will always be included yet in 

unreported estimations we also remove them, or alternatively add their 

higher order terms (squared and/or cubed) yet the estimates of the key 

coefficient (on the Number of industries) are unaffected. 

                                                 

 

19
 In unreported robustness we also replace the Number of industries with the much coarser 

Number of sectors, but this replacement leaves our main findings qualitatively mostly 

unaltered. 
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iii.Firm Opaqueness 

In addition to firm size and age, we also want to control as tightly as 

possible for firm opaqueness and complexity, as these factors may drive the 

severity of hold-up and the engagement by the firm of multiple banks to 

mitigate it. We include one of the variables: the Invested capital ratio, the 

Cash flow volatility, the Number of patents or the ratio Intangible assets / 

total assets. 

The Invested capital ratio is the ratio of invested capital to long-term assets. 

Invested capital is calculated as total shareholders’ funds plus liabilities 

minus liabilities to creditors as well as other current liabilities. Notice that 

invested capital equals to total equity and liabilities minus non-interest 

bearing debt. It is a measure of the capital committed to long-term 

investment, which will be correlated to research and development as well as 

advertising expenditures. The mean firm has an invested capital ratio equal 

to 1.05. 

Cash flow volatility is the coefficient of variation of the firms’ cash flows 

during the past 5 years. It is obtained by scaling a firm’s standard deviation 

of the five cash flows by its mean. This volatility is an indicator of the 

information asymmetry relevant for the firm, because we expect firms with 

higher cash flow volatility to be harder to asses and to be more risky. 

The Number of patents is a direct measure of the firms’ technological 

prowess. The average firm has 0.24 patents. 

Finally, the Intangible ratio is the ratio of intangible assets to total assets. The 

mean firm has an intangible ratio equal to 0.06. This ratio not only reflects the 

firms’ opacity, but it is also indicative of the firms’ ability to pledge collateral, 

to secure debt financing and/or to signal quality. Thus the intangible ratio 

could play a role in determining how many banks a firm can borrow from. 

iv.Firm Ownership Structure, Location, Organization and Financials 

To capture the firms’ ownership structure we include two variables: the 

Insiders’ share is the ratio of the number of insiders (i.e., those holding 

shares in the firm) to the total number of all directors and managers, and 

Institutional owners’ share is the ratio of shares owned by institutional 
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investors, including banks, pension and mutual funds, insurance companies, 

etc., to the total number of shares. Their mean values equal 16 and 17 percent, 

respectively. Ownership structure may determine the choice of the number of 

banks (Ongena, Tümer-Alkan, and Vermeer (2011)) and both ownership 

variables are likely also correlated with firm complexity. 

As proxies for firm geographical footprint and organization we also include 

the Number of firm branch locations and the Number of firm subsidiaries. 

Firms with more branch locations and subsidiaries may use a higher number 

of banks because not all banks may have a branch presence in all locations 

and firm subsidiaries may have a certain degree of autonomy in engaging 

banks. 

Finally, we include ROA, Loans / total assets, and Liquidity assets / 

short-term liabilities to proxy for profitability, indebtedness and firms’ 

ability to service its debt. And, we field 9 sector and 9 country fixed effects 

to account for all observed and unobserved heterogeneity in the number of 

bank-firm relationships due to firm sector and country affiliation. 

2.3. Methodology 

We estimate a three-stage selection model that accounts at once for the 

sequence of corporate choices pertaining to: (1) having a bank or not 

(reported), (2) the multiplicity or singularity of the bank relationship 

arrangement, and (3) the number of bank relationships. Methodologically this 

three-stage procedure directly follows Cerqueiro (2009), Popov and Ongena 

(2011) and Brown et al. (2011) who extend Heckman (1979), and steps 2 and 

3 are in line with the theoretical model in Detragiache, Garella, and Guiso 

(2000),
20

 and the work by Guiso and Minetti (2010). 

                                                 

 

20
 In their theoretical model firm and country characteristics determine the two-staged 

corporate decision to have multiple versus single bank relationships and once in the 

multiple-bank region the optimal number of banks. Their theoretical model constitutes 

our identification strategy. We find it rather unlikely that the choice of the bank 

relationship arrangement determines the choice of the number of industries the firm 
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However current theory provides no guidance on exclusion restrictions, so we 

employ the simple opportunities the different dependent variables offer by 

identifying on functional form (but results are mostly unaffected if we ad hoc 

restrict the inclusion of control variables in later stages). 

Recall that the dependent variable in the first stage is At least one bank 

relationship, a dummy that equals 1 if the firm reports at least one bank 

relationship, and equals 0 if the firm reports no bank relationships, i.e., the 

dependent variable will take the value of 1 if an underlying latent variable, 

which measures the probability of being banked, exceeds a critical threshold 

value and it equals 0 if it does not. The model is thus: 

                               
                            (5) 

                                {
                                    

    

      
 

           

 

 

1i  is the random error which varies at the firm level and is normally 

distributed with mean 0 and variance 1. 

In the second stage, the indicator of whether the firm has multiple bank 

relationships,                              is assumed to take the value 

of 1 if an underlying latent variable , which measures the probability of being 

multiple banked, exceeds a critical threshold value and 0 if not. The model is 

thus: 

                                                                                                                            

 

operates in. We think the latter choice is likely to be even more long term and strategic 

than the choice of banks the firm utilizes and fail to see any reasonable instrument on 

this account. We acknowledge, however, that in general access to adequate financial 

resources may help the firm to expand into other industries (e.g., Villalonga (2004)), but 

have currently no access to adequate panel data to assess changes in the bank 

relationship arrangement and the number of industries. Given the stability over time of 

both the bank relationships, see e.g., Ongena and Smith (2001), and corporate industry 

presence one would need a fairly long time series to be able to estimate a change 

equation. 
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(6) 

                             {
                                 

   

      
 

           

(2) 

 

                                 

                                 
 is the inverse Mills ratio estimated from 

equation (5) ((Heckman 1979)). The error term is again normally distributed 

with mean 0 and variance of 1. 12  is the simple correlation between 1i  

and 2i . 

In the third stage, the left-hand variable, which is the number of 

relationships,                              , is assumed to depend on 

the firm characteristics iX  and the inverse Mills ratio from the second stage: 

                             
 

           

                              

                              
     

(7) 

          
   

(3) 

 

                              

                              
 is the inverse Mills ratio from equation (6). The 

error term is normally distributed with mean 0 and variance 2

3 . 23  is the 

correlation between 2i and 3i . Using the normal distribution of errors and 

probit normalization (with variances of both 1i  and     equal to 1), one 

can estimate the s which are of interest. 
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3. Results 

3.1. Main Estimates 

Tables 3, 4 and 5 show the estimation results of the three-stage selection 

model separately. All Models (1) to (7) feature the Number of industries as 

the main variable of interest, Ln(Assets) and Ln(Age) as the main controls, a 

constant and Sector and Country fixed effects. Models (1) to (4) we include 

one of the firm opaqueness variables: the Invested capital ratio, the Cash 

flow volatility, the Number of patents or the ratio Intangible assets / total 

assets. In Models (5) to (7) we include the Invested capital ratio as it is the 

most significant in explaining the relationship arrangement when it is 

observed. Model (5) also introduces the 2 firm ownership variables, Model 

(6) adds location and organization and finally Model (7) the 3 financial 

control variables. 

3.1.1. At Least One Bank Relationship 

Table 3 shows the coefficients from a probit model which determines whether 

a firm is reporting at least one bank relationship. 

[Insert table 3] 

The estimated coefficient on the Number of industries in Model (1) equals 

0.325***.
21

 This effect is not only statistically significant but also 

economically large. Its marginal effect is calculated and reported at the 

bottom of the Table. The change in the probability that the firm is having at 

least one bank relationship (versus having no bank relationships) at the means 

of all variables resulting from a one standard deviation change (Δ = 1.20) in 

the number of industries equals 7.7 percent, which implies a semi-elasticity of 

almost 10 percent (= 0.077 / 0.79). Throughout all subsequent Models (2) to 

                                                 

 

21
 As in the Tables: *** Significant at 1 percent, ** significant at 5 percent, and * 

significant at 10 percent. For convenience we will indicate the significance levels of the 

estimates that are mentioned in the text. 
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(7) the estimated coefficient remains almost unaltered in size, significant at 

the 1 percent level and the estimated marginal effect remains economically 

meaningful. 

Some of the estimated coefficients on the control variables are also 

noteworthy. The estimated coefficient on Ln(Assets) is consistently negative 

which may be caused by large firms less likely reporting their bank 

relationships. These estimates show the need for a three-stage model to assess 

relationship arrangements. The estimated coefficient on Ln(Age) on the other 

hand is consistently estimated to be positive, while the other control variables 

either come in mixed in terms of sign or are insignificant. The sector and 

country dummies are jointly significant in all models. 

3.1.2. Multiple versus Single Bank Relationships 

Table 4 present the estimation results for the second-stage regression. The 

estimated coefficients on the Number of industries are again all positive and 

statistically significant at the 1 percent level, and the economic effects are 

once more sizeable. Take Model (1) for example. The estimated coefficient 

equals 0.139***, implying that the change in the probability that the firm is 

having multiple bank relationships (versus having a single bank relationship) 

at the means of all variables resulting from a one standard deviation change 

(Δ = 1.20) in the number of industries equals 7.9 percent, which implies a 

semi-elasticity of 11 percent (= 0.079 / 0.69). This really is our key result: 

more bank relationships go hand in hand with a wider industry presence. 

[Insert table 4] 

The estimated coefficients on firm size, i.e., Ln(Assets), are in line with 

expectations (and other studies) positive, and so are those on firm age. The 

estimated coefficients on the other control variables are invariably not 

statistically significant (with the exception of two of the financial variables), 

while the estimated coefficients on the inverse Mills ratios from the first stage 

are all statistically significant, indicating that there was a selection bias.  
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3.1.3. The Number of Bank Relationships 

Finally, we turn to the third stage and estimate how the number of industries 

affects the number of bank relationships once the firm has chosen to engage 

2 banks (as in Detragiache, Garella, and Guiso (2000)). The estimated 

coefficient on the Number of industries in Model (1) for example equals 

0.054*, which implies that for firms that already engage two banks or more, 

increasing the number of industries by 1 increases the number of bank 

relationships by an additional 0.1 per new industry entered. Firms in our 

sample can operate in up to 13 different industries (out of a maximum total 

of 70), so going from the minimum (1) to the maximum (13) number of 

industries increases the number of bank relationships by more than 1 

(ceteris paribus, i.e., holding constant firm size, location, organization and 

many other characteristics). 

[Insert table 5] 

 As in the second stage the estimated coefficients on Ln(Assets) and Ln(Age) 

are positive and statistically significant with positive sign, while the other 

coefficients show scant significance except for the Invested capital ratio 

which is positive. The estimated coefficients on the inverse Mills ratios are 

significant in all models, again indicating the presence of a selection effect. 

3.2. Robustness Checks 

We also performed a series of additional robustness checks to assess our 

main findings. First, we classify patents into 9 categories according to 

International Patent Classification (IPC) and use the number of patent 

categories instead of patent number. Results are unaffected. 

Second, we use industry concentration instead of the number of industries to 

capture industry presence. Industry concentration is calculated as the sum of 

squares of the share of sales in each industry. We do not have the actual 

shares of industry sales for more than half the firms, yet results are 

unaffected. The estimates imply that firms engage banks in inverse 
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proportion to their industry concentration with more diversified firms 

engaging more banks. 

Finally, we add a market-to-book ratio to all specifications. We can 

calculate this variable for only 1,600 (out of the 3,400) firms, yet our main 

findings are again mostly unaffected. 

4. Conclusion 

We study the intimate correspondence between the number of bank 

relationships and the number of industries. We use a comprehensive 2012 

dataset that uniquely details both for more than 3,500 listed firms that are 

located across 10 Eastern European countries. We estimate a three-stage 

selection model that accounts at once for the sequence of corporate choices 

pertaining to having a bank or not (reported), the multiplicity or singularity of 

the bank relationship arrangement, and the number of bank relationships. 

Controlling for an array of firm characteristics, including measures of firm 

size, opacity, locational footprint and organization, and accounting for all 

observed and unobserved heterogeneity in the number of bank-firm 

relationships due to firm sector and country affiliation, we find that the 

number of industries the firm operates in corresponds to a higher likelihood 

of relationship multiplicity (when bank relationships are reported) and a 

higher number of bank relationships (when firms maintain multiple bank 

relationships). These findings are also economically relevant. 

In sum, firms that maintain multiple bank relationships operate in multiple 

industries, possibly because many banks specialize (to some degree) in 

certain industries. Bank industry specialization is a first-order real-world 

phenomenon that seems to have received little or no academic empirical 

interest until now. 
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Table 1 Name and definition of variables and their summary statistics 

This table provides the variable names, definitions, unit and number of observations (N), mean, standard deviation 

(StD) and minimum (Min) and maximum (Max) values. All variables are measured over the year 2012 or at 

year-end 2012, except for cash flow volatility which is calculated over the 2007 – 2012 period. 

 

Variable Name Definition Unit N Mean StD Min Max 

Dependent variables        

At least one bank relationship = 1 if the firm reports at least one bank 

relationship, = 0 if the firm reports no 

bank relationships 

0/1 3,610 0.79 0.41 0 1 

Multiple bank relationships = 1 if the firm maintains multiple bank 

relationships, = 0 if the firm maintains 

a single bank relationship 

0/1 2,844 0.69 0.46 0 1 

Number of bank relationships The number of bank relationships the 

firm maintains 

2-13 1,918 3.08 1.20 2 13 

        

Independent variables        

Number of industries Number of two-digit SIC industries 

the firm operates in 

1-70 3,610 1.98 1.90 1 13 

Ln(Assets) Natural log of total assets in US 

Dollars 

- 3,585 9.50 2.50 0.81 19.64 
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Ln(Age) Natural log of the number of years 

since the establishment of the firm 

- 3,554 3.17 0.83 0.00 5.76 

Invested capital ratio (Total shareholders’ funds + liabilities 

– creditors – other current liabilities) / 

(total assets – current assets) 

% 3,502 1.05 2.11 0.00 17.59 

Cash flow volatility The standard deviation of cash flows 

during the 2007 – 2012 period 

- 3,487 1.04 0.52 0.00 9.95 

Number of patents Number of patents the firm owns - 3,598 0.24 1.32 0 10 

Intangible assets / total assets Ratio of tangible assets to total assets - 3,551 0.06 0.16 -0.07 0.91 

Insiders’ share Ratio of the number of insiders to the 

total number of directors and 

managers 

- 3,556 0.16 0.28 0.00 1.00 

Institutional owners’ share Ratio of shares owned by institutional 

investors to the total number of shares 

- 3,606 0.17 0.27 0.00 1.00 

Number of firm branch locations Number of firm branch locations - 3,613 1.06 7.86 0 378 

Number of firm subsidiaries Number of firm subsidiaries - 3,613 5.37 12.75 0 354 

ROA Return on assets % 3,561 0.48 15.23 -96.51 96.59 

Loans / total assets Ratio of loans to total assets % 3,559 0.11 0.23 0.00 7.48 

Liquidity assets / short-term 

liabilities 

Ratio of liquidity assets to short-term 

liabilities 

% 3,542 1.87 5.25 0.00 94.12 
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Table 2 Correlation table 

This table presents the Pearson correlation between different variables. * indicates that the correlation coefficient is significant 

at the 5% level. The dependent variables are defined conditionally so that the correlation coefficient between the dependent 

variables cannot be calculated. The number of observations further varies by correlation coefficient. 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

1 At least one bank relationship 1                

2 Multiple bank relationships . 1               

3 Number of bank relationships . . 1              

4 Number of industries 0.18* 0.13* 0.39* 1             

5 Ln(Assets) -0.40* -0.01 0.29* 0.13* 1            

6 Ln(Age) 0.12* 0.25* 0.11* 0.11* 0.23* 1           

7 Invested capital ratio 0.06* 0.02 -0.03 -0.06* -0.21* -0.08* 1          

8 Cash flow volatility 0.24* 0.05* 0.01 0.04* -0.14* 0.04* 0.04* 1         

9 Number of patent -0.16* -0.07* 0.02 -0.05* 0.19* 0.10* -0.05* -0.04* 1        

10 Intangible assets / total assets -0.16* -0.23* -0.04 -0.10* -0.00 -0.29* 0.03 -0.13* 0.05* 1       

11 Insiders’ share 0.06* -0.14* -0.04 -0.03 -0.22* -0.21* 0.00 -0.08* -0.04* 0.15* 1      

12 Institutional owners’ shares -0.16* -0.13* 0.01 -0.08* 0.20* 0.03 -0.03 -0.08* 0.12* 0.11* -0.10* 1     

13 Number of firm branch locations -0.14* 0.07* 0.14* 0.03 0.20* -0.02 -0.04* -0.06* 0.00 -0.02 -0.02 0.00 1    

14 Number of firm subsidiaries -0.27* -0.08* 0.15* 0.02 0.50* 0.09* -0.08* -0.10* 0.17* 0.03 -0.06* 0.13* 0.20* 1   

15 ROA -0.10* -0.05* 0.10* 0.10* 0.28* 0.06* -0.17* -0.10* 0.05* 0.00 0.03 0.05* 0.05* 0.12* 1  

16 Loans / total assets 0.01 0.08* 0.05* 0.04* -0.05* 0.03 0.03* 0.07* -0.01 -0.05* -0.05* -0.01 -0.01 -0.03* -0.16* 1 

17 Liquidity assets / short-term liabilities -0.01 -0.11* -0.03 0.02 -0.03* -0.04* 0.15* -0.02 0.01 0.02 0.02 -0.00 -0.01 -0.00 0.03 -0.11* 
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Table 3 At least one bank relationship versus no bank relationships 

This table reports the estimates from probit models explaining if the firm is having at least one bank relationship 

(i.e., is banked) versus the firm is having no bank relationships (i.e., is unbanked). The coefficients are reported on 

the first row, the standard errors are reported below between parentheses. The stars that are adjacent to the 

coefficients indicate their significance levels. The marginal effects that are reported in italics at the bottom of the 

table indicate the change in the probability that the firm is having at least one bank relationship (versus having no 

bank relationships) at the means of all variables resulting from a one standard deviation change (Δ = 1.20) in the 

number of industries. *** indicates significance at 1% level, ** at 5% level and * at 10% level. 

 

 (1) (2) (3) (4) (5) (6) (7) 

        

Firm Industry Presence:        

        

Number of industries 0.325*** 0.336*** 0.336*** 0.327*** 0.326*** 0.332*** 0.321*** 

 (0.046) (0.048) (0.046) (0.046) (0.046) (0.047) (0.048) 

Firm Control Variables:        

        

Ln(Assets) -0.181*** -0.185*** -0.164*** -0.176*** -0.158*** -0.086*** -0.102*** 

 (0.019) (0.020) (0.019) (0.019) (0.020) (0.023) (0.024) 

Ln(Age) 0.267*** 0.201*** 0.294*** 0.244*** 0.282*** 0.291*** 0.277*** 

 (0.046) (0.050) (0.046) (0.046) (0.046) (0.047) (0.049) 
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Invested capital ratio -0.008    -0.006 -0.002 0.007 

 (0.017)    (0.018) (0.018) (0.019) 

Cash flow volatility  0.559***      

  (0.085)      

Number of patents   -0.074***     

   (0.021)     

Intangible assets / total assets    -0.518***    

    (0.181)    

Insiders’ share     0.449*** 0.526*** 0.502*** 

     (0.131) (0.132) (0.142) 

Institutional owners’ shares     -0.167 -0.116 -0.150 

     (0.124) (0.126) (0.128) 

Number of firm branch locations      0.002 0.001 

      (0.009) (0.009) 

Number of firm subsidiaries      -0.031*** -0.030*** 

      (0.005) (0.005) 

ROA       0.002 

       (0.002) 

Loans / total assets       -0.237 

       (0.149) 

Liquidity assets / short-term 

liabilities 

      -0.003 

       (0.006) 
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Constant 0.957*** 0.738*** 0.701*** 0.987*** 0.646** 0.064 0.265 

 (0.257) (0.279) (0.248) (0.250) (0.269) (0.287) (0.304) 

        

        

9 Sector fixed effects Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** 

9 Country fixed effects Yes*** Yes*** Yes** Yes** Yes*** Yes*** Yes*** 

Number of observations 3,435 3,415 3,504 3,482 3,403 3,403 3,342 

Log likelihood -831 -761 -853 -845 -820 -798 -764 

Pseudo R-squared 0.511 0.541 0.508 0.509 0.514 0.527 0.536 

Marginal effect of the Number of 

industries (Δ = 1.20) 

0.077 0.069 0.081 0.078 0.078 0.076 0.071 
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Table 4 Multiple versus single bank relationships 

This table reports the estimates from probit models explaining if the firm has multiple bank relationships versus the 

firm has a single bank relationship. The coefficients are reported on the first row, the standard errors are reported 

below between parentheses. The stars that are adjacent to the coefficients indicate their significance levels. The 

inverse Mills ratio is computed from the corresponding first-stage model that is reported in Table 3. The marginal 

effects that are reported in italics at the bottom of the table indicate the change in the probability of the presence of 

single versus multiple bank relationships at the means of all variables resulting from a one standard deviation 

change (Δ = 1.20) in the number of industries. *** indicates significance at 1% level, ** at 5% level and * at 10% 

level. 

 

 (1) (2) (3) (4) (5) (6) (7) 

        

Firm Industry Presence:        

        

Number of industries 0.139*** 0.126*** 0.146*** 0.138*** 0.119*** 0.121*** 0.120*** 

 (0.044) (0.043) (0.044) (0.044) (0.045) (0.044) (0.044) 

Firm Control Variables:        

        

Ln(Assets) 0.106*** 0.108*** 0.097*** 0.102*** 0.108*** 0.117*** 0.122*** 

 (0.020) (0.019) (0.019) (0.019) (0.020) (0.021) (0.022) 

Ln(Age) 0.114** 0.120** 0.116** 0.118** 0.132** 0.135** 0.131** 
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 (0.053) (0.052) (0.052) (0.052) (0.054) (0.054) (0.054) 

Invested capital ratio -0.010    -0.020 -0.019 -0.018 

 (0.015)    (0.016) (0.016) (0.016) 

Cash flow volatility  -0.020      

  (0.070)      

Number of patents   0.012     

   (0.031)     

Intangible assets / total assets    0.221    

    (0.285)    

Insiders’ share     -0.049 -0.036 0.017 

     (0.144) (0.145) (0.149) 

Institutional owners’ shares     -0.240* -0.233* -0.205 

     (0.127) (0.127) (0.129) 

Number of firm branch locations      0.009 0.010 

      (0.014) (0.014) 

Number of firm subsidiaries      -0.005 -0.005 

      (0.005) (0.005) 

ROA       -0.003 

       (0.002) 

Loans / total assets       -0.327** 

       (0.157) 

Liquidity assets / short-term 

liabilities 

      -0.024*** 
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       (0.006) 

Inverse Mills ratio 0.789*** 0.613** 0.881*** 0.777*** 0.670** 0.702** 0.749*** 

 (0.297) (0.280) (0.295) (0.294) (0.289) (0.283) (0.289) 

Constant -1.453*** -1.397*** -1.460*** -1.455*** -1.444*** -1.536*** -1.547*** 

 (0.289) (0.293) (0.287) (0.283) (0.306) (0.324) (0.329) 

        

9 Sector fixed effects Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** 

9 Country fixed effects Yes** Yes* Yes* Yes* Yes** Yes** Yes** 

Number of observations 2,751 2,756 2,804 2,790 2,721 2,721 2,680 

Log likelihood -935 -937 -962 -956 -914 -913 -891 

Pseudo R-squared 0.445 0.449 0.449 0.446 0.452 0.453 0.451 

Marginal effect of the Number of 

industries (Δ = 1.20) 

0.079 0.073 0.086 0.080 0.067 0.068 0.066 
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Table 5 Number of bank relationships 

This table reports the estimates from linear models explaining the number of bank relationships the firm has. The 

coefficients are reported on the first row, the standard errors are reported below between parentheses. The stars that 

are adjacent to the coefficients indicate their significance levels. The inverse Mills ratio is computed from the 

corresponding second-stage model that is reported in Table 4. The marginal effects that are reported in italics at the 

bottom of the table indicate the change in the number of bank relationships at the means of all variables resulting 

from a one standard deviation change (Δ = 1.20) in the number of industries. *** indicates significance at 1% level, 

** at 5% level and * at 10% level. 

 

 (1) (2) (3) (4) (5) (6) (7) 

        

Firm Industry Presence:        

        

Number of industries 0.054* 0.068** 0.057** 0.052* 0.059** 0.058** 0.054* 

 (0.029) (0.029) (0.029) (0.029) (0.029) (0.029) (0.029) 

Firm Control Variables:        

        

Ln(Assets) 0.071*** 0.074*** 0.072*** 0.066*** 0.073*** 0.072*** 0.072*** 

 (0.019) (0.020) (0.019) (0.019) (0.020) (0.020) (0.020) 

Ln(Age) 0.113*** 0.117*** 0.109*** 0.106*** 0.112*** 0.107*** 0.107*** 

 (0.038) (0.040) (0.038) (0.039) (0.040) (0.040) (0.040) 
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Invested capital ratio 0.033***    0.036*** 0.036*** 0.038*** 

 (0.012)    (0.013) (0.013) (0.013) 

Cash flow volatility  0.055      

  (0.050)      

Number of patents   0.030     

   (0.033)     

Intangible assets / total assets    0.057    

    (0.286)    

Insiders’ share     -0.163 -0.161 -0.128 

     (0.108) (0.108) (0.109) 

Institutional owners’ shares     -0.052 -0.053 -0.054 

     (0.104) (0.105) (0.104) 

Number of firm branch locations      -0.016* -0.017** 

      (0.008) (0.008) 

Number of firm subsidiaries      0.002 0.002 

      (0.004) (0.004) 

ROA       -0.001 

       (0.002) 

Loans / total assets       0.221 

       (0.145) 

Liquidity assets / short-term liabilities       -0.008 

       (0.008) 

Inverse Mills ratio -0.422 -0.253 -0.231 -0.406 -0.332 -0.368 -0.478 



110 

 

 (0.361) (0.376) (0.360) (0.369) (0.355) (0.358) (0.358) 

Constant 1.636*** 1.457*** 1.539*** 1.719*** 1.592*** 1.636*** 1.688*** 

 (0.428) (0.453) (0.429) (0.437) (0.430) (0.431) (0.425) 

        

9 Sector fixed effects Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** 

9 Country fixed effects Yes Yes Yes Yes Yes Yes Yes 

Number of observations 1,885 1,873 1,888 1,892 1,863 1,863 1,855 

Log likelihood -2,677 -2,662 -2,682 -2,688 -2,650 -2,648 -2,634 

Adjusted R-squared 0.288 0.285 0.285 0.285 0.285 0.286 0.289 

Marginal effect of the Number of 

industries (Δ = 1.20) 

0.102 0.128 0.109 0.099 0.111 0.110 0.103 

 

 


