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Preface 

In this dissertation, two essays are used to illustrate how market friction would 

influence asset prices. In the first essay, I use the data from the U.S. syndicated loan 

market to show how communication barriers among lenders would affect their 

decisions, which in turn affect loan spreads. If potential lenders can’t freely 

communicate with each other, those who make decision after will learn by observing 

the decisions of their predecessors. Once their own signals are dominated by the 

information revealed by their predecessors’, those who act later will rationally ignore 

their own signals and follow suit. In economics, this is called “informational cascade.” 

In the first essay, I will show how cascade effect can influence loan spreads and 

non-price contract terms. 

In the second essay, I use the data from Taiwan Futures Exchange to examine 

the lead-lag relationships between the index futures returns, index futures volume, and 

spot returns. The lead-lag relationship depends on which venue informed traders will 

choose to trade and informed traders’ choice may depend on short sale constraints, 

transaction costs, leverage effect, and so on. In my second essay, I will show which 

market is the venue the informed traders choose to trade and which type of traders 

tend to be informed traders. 

The two essays of this dissertation have been transformed into working papers 

for conference presentation and journal submission. The first working paper based on 

Chapter II, The Cascade Effect in the Syndicated Loan Market, has accepted by the 

19th Conference on the Theories and Practices of Securities and Financial Markets and 

is presented on 10th December 2011 in Kaohsiung. The second working paper based 

on Chapter III, The Relationships between the Futures Returns, Futures Volume, and 

Spot Returns, has been submitted to Journal of Financial Studies. 



 
 



 
 

Abstract 

Two essays are comprised in this dissertation to explore how market friction 

affects the processes of price formation. The first essay investigates on both 

theoretical and empirical bases how segmentation of communication amongst 

potential lenders can influence loan contracts. Two cases are considered. The first one 

assumes that potential lenders can freely communicate with each other; the second 

one assumes that each potential lender can only observe the decisions of its 

predecessors. I show theoretically that the ex post observed interest rate will be higher 

and the probability of syndication failure will be lower if the potential lenders cannot 

communicate freely with each other. These predictions are confirmed by my empirical 

work. Using a novel proxy, relational distance, for the segmentation of 

communication, I show that the larger the relational distance, the higher is the loan 

spread and the lower is the probability of syndication failure. In addition, the 

relational distance is positively correlated with the probability of the existence of 

non-price contract terms, such as the requirement for collateral and guarantees. My 

conclusions are found to be robust to endogeneity issues, potentially omitted variables 

and alternative model specifications. 

The second essay focuses on the informational effects between futures market 

and its spot market. Intraday data are used to investigate the lead-lag relationship 

between the TX returns, the TX trading activity and the TAIEX stock index returns. I 

focus on the transmission direction and the source of information and find that there 

are specific lead-lag relationships between futures returns and spot returns, in addition 

to the contemporaneous relationship predicted by carry-cost theory and efficient 

market theory. The results show that futures returns significantly lead spot returns, 

which suggests that informed trades occur in the futures market and makes 

information flows from the futures market to the spot market. By distinguishing 



 
 

different types of futures traders and using private information, net open buy, as a 

proxy for futures trading activity, I found that the major source of informed trades is 

foreign institutional traders because their trading activity have predictive power for 

future movements in both spot and futures prices. In contrary, traders in the other 

categories carry no information about the directional changes in both spot and futures 

prices. 

 

 

Keywords: Syndicated loans; Informational cascades; Financial networks; 

Segmentation; information content; informed traders; foreign institutional traders; 

lead-lag relationship 
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Chapter I 

Introduction 

In a frictionless market, price should perfectly aggregate information held by 

market participants and reflect an asset’s true value. Moreover, in two related markets 

such as a spot market and its derivative market should impound information 

simultaneously so that there is no lead-lag relationship between their price 

adjustments. However, market friction such as transaction costs, communication 

barriers, trading limitations, illiquidity, and market structure often affects the process 

of price formation and price discovery. This dissertation uses two markets, the U.S. 

syndicated loan market and Taiwan Futures market, to illustrate the effects of market 

friction on asset prices. There are two essays in this dissertation. In the first essay, I 

extend Welch (1992)’s model to the syndicated loan market to show how 

segmentation of communication can affect lending conditions, especially loan spreads. 

Two cases are considered. The first case assumes all potential lenders can freely share 

their information with each other. In the second one, I assume each potential lender 

can only observe the decisions of her predecessors. By extending Welch’s model, I 

show that if potential lenders can freely share their information about the borrower, 

the ex-post observed loan spreads are lower and probability of syndication failures is 

higher. The intuition is that in the second case the lead bank will increase the interest 

rate to elicit a positive cascade and make failure become impossible. Using relational 

distance as a proxy for segmentation of communication, the model’s predictions are 

confirmed by my empirical work. 

The first essay contributes to the extant literature in three ways. First, to my best 

knowledge, this is the first study to explore cascade effect in the syndicated loan 
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market. Although some studies have examined the herd behavior in banks’ investment 

decisions (e.g., Jain and Gupta, 1987; Nakagawa and Uchida, 2003; Uchida and 

Nakagawa, 2007; Acharya and Yorulmazer, 2008), they did not explore how herd 

behavior affects loan pricing. 

Second, several distance measures have been proposed and associated with 

economic decisions, for example, physical distance (Mian, 2006; and Giannetti and 

Yafeh, 2012), distance of specialization (Cai et al., 2011), and cultural distance 

(Giannetti and Yafeh, 2012). Also, many studies suggest that a tight relationship 

between economic agents favors communication and the dissemination of information 

(e.g., Baum et al., 2004; Hochberge et al., 2007; Cohen et al., 2008; and Meuleman et 

al., 2009). We extend these ideas to propose a novel proxy, relational distance. It is 

difficult to capture relationships amongst economic agents and to quantify the 

relational distance. We overcome these obstacles by conducting a social network 

analysis. 

Third, to my best knowledge, this essay is also the first study to empirically test 

the determinants of syndication failures. It is an important issue because syndication 

failures are costly to borrowers and lenders and may impair investment activities. 

Understanding the causes of syndication failures helps to improve the success of the 

syndicated loan market. 

In the second essay, I study the lead-lag relationship between Taiwan futures 

market and its spot market. According to the carry-cost theory, if the markets are 

frictionless, contemporaneous returns in the futures market and spot market would be 

perfectly correlated (Stoll and Whaley, 1990). However, transaction costs (such as 

fees and taxes), trading limitations (such as limitation on short sales), or the 

transaction characteristics of the asset itself (such as leverage effect) may cause one 

market to react faster to information than the other. In this essay, I show that the 
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futures returns strongly lead its spot returns and this phenomenon is driven by the 

trading activity of foreign institutional traders. By distinguishing the trading volumes 

of different trader types, I found the net open buy of foreign institutional traders in 

futures market have predictive power for not only the spot returns but also the futures 

returns. In contrary, traders in the other categories make no directional prediction on 

both spot and futures returns. 

The main contributions of the second essay come from three aspects. First, 

unlike the previous literature simply discusses the lead-lag relationship between 

futures price changes and spot price changes or between futures price changes and 

futures trading volume, I simultaneously explores the information content regards to 

the futures returns and spot returns, futures trading activitiy and spot returns, and 

futures returns and futures trading activity. It is important to analyse the relationships 

between the futures trading activity, futures returns, and spot returns at the same time. 

Only considering the relation between the two market returns, we cannot determine 

who tend to be informed traders. Simply examining the relation between the futures 

trading activity and futures returns, it is hard to conclude that informed traders do 

choose futures market to trade in first. 

Second, past literatures specifically explored the relationship between the 

options trading activity and spot price changes. Under the situation where it is 

impossible to distinguish the types of trader, they mainly use the overall market 

trading activity as their analysis basis. Because it is impossible that every trade is 

informed trade, this choice will affects the credibility of the result, or even 

inconsistent explanations appear (e.g. EOS and CCF). In view of this, I not only study 

the relationship between the overall futures market trading activity and the spot price 

changes, but also further explores whether different identities of traders have different 

information content. 
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Third, in the research of trading activity, most literatures use the total trading 

volume directly (e.g. Though Sadath and Kamaiah, 2009; Anthony, 1988; Stephan 

and Whaley, 1990), or divide trading into buyer-initiated and seller- initiated (e.g. 

EOS; CCF). Pan and Poteshman (2006), however, found that observing the signal 

quality of these variables is inferior to dividing the opening and closing trades. 

Therefore, I uses non-public information, net open buy (open-buy volume minus 

open-sell volume), as the analysis variable of the futures trading activity, which can 

better capture the informed trades on the market. 

The remainder of this dissertation is structured as follows: Chapter II 

investigates how cascade effect can happen in syndicated loan market and how the 

effect can affect the loan contract terms and the probability of syndication failure. 

Chapter III examines the lead-lag relationships between the price movements of 

futures market and its spot market and the volumes of different classes of futures 

traders. Chapter IV summarizes the results and concludes this dissertation. 
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Chapter II 

The Cascade Effect in the Syndicated Loan Market 

 

 

1. Introduction 

The imitation in economic decision-making is prevalent in human society. It is 

found in choice of restaurants, schools, political candidates, research topics, 

investments, and initial public offerings (Banerjee, 1992; Shiller, 1995). However, it 

does not necessarily imply that imitators are irrational. When people make decisions 

in sequence and are subject to imperfect signals, they often take account of the 

information revealed by the actions of others. If their own signals are dominated by 

information stemming from the actions of their predecessors, those who act later may 

rationally ignore their own signals to follow suit. This phenomenon is the so-called 

informational cascade or herd behavior. 

Welch (1992) developed a theoretical model to illustrate the role of information 

in generating cascades. Using the example of the IPO market, Welch showed that 

with perfect communication amongst all investors, all successful offerings by a 

risk-neutral uninformed issuer are underpriced. In the absence of perfect 

communication from early to late investors but allowing for late investors to observe 

the decisions of early investors, this can give rise to either positive or negative 

cascades. Given the high likelihood of a negative cascade originating, in which there 

is no buyer independent of the signal received, there is a tendency for sellers to under 

price so that all goods are sold. The model of Welch has been applied to the insurance 

market for special risks by D’Arcy and Oh (1997). In this paper, I extend Welch’s 
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model to the U.S. syndicated loan market. My goal is to show that the cascade effect 

also affects loan pricing and the probability of syndication failure. 

A syndicated loan is a loan that is provided by a group of lenders and is 

structured by one or several commercial or investment banks known as lead banks. In 

the syndication process, once the mandate has been awarded, the lead bank and the 

borrower establish a relationship and become “partners” (Sufi, 2007; Focarelli et al., 

2008). After negotiating lending conditions and contract terms with the borrower, the 

lead bank turns to approach potential lenders. If potential lenders accept (or reject) the 

invitation nonsynchronously, then informational cascades become possible. 

Whether informational cascades happen or not in the syndication process 

depends on the scenarios of interaction amongst potential lenders. This is the first 

issue I want to investigate. By extending Welch’s model, I show that if potential 

lenders can freely share their information about the borrower, the probability of 

syndication failure is always positive. This is because the loan spread which the lead 

bank sets may not be the same as one which reflects information held by all potential 

lenders. The probability that the former rate is lower than the latter is always positive. 

However, if each potential lender can only observe the decisions of potential lenders 

which were previously approached by the lead bank, the syndication is unlikely to fail. 

The intuition is that in this case the rational lead bank will set a higher loan spread to 

elicit a positive cascade in seeking to avoid costly failure. Accordingly, it is also 

reasonable to expect that the loan spread in this scenario will be higher than that 

where information is freely shared amongst potential lenders. 

The second issue I want to explore is whether my model’s predictions are 

supported in practice. I use two proxies, physical distance and relational distance, to 

empirically capture the segmentation of communication amongst potential lenders. 

Physical distance measures the average distance between the cities in which the 
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principal executive offices of the syndicate members are located. Long physical 

distances may impair communication. However, when it is examined, I find no 

evidence to support my model’s predictions. Indeed, progress and innovations in 

technology, transportation, and communication may make physical distance an 

unbinding constraint. Giannetti and Yafeh (2012) tested the effect of physical distance 

between the lead bank and the borrower on loan cost and their results are also 

insignificant. 

Relational distance captures the close relationship amongst potential lenders 

arising from their collaboration over the preceding five years. Three variables, 

average path length, clustering coefficient, and density, are used to measure relational 

distance. All of them are used in social network analysis. As stressed by Hochberg et 

al. (2007, 2010) and Cohen et al. (2008), networks facilitate the sharing of 

information. A tight relationship favors communication and the dissemination of 

information. My empirical results confirm this hypothesis and support the model’s 

predictions. I find that relational distance affects not only loan spreads but also 

non-price contract terms. The longer the relational distance, the higher is the loan 

spread and the probability of collateral or guarantees being offered. In addition, 

relational distance also affects the probability of syndication failure. The longer the 

relational distance, the lower is the probability that a syndication fails. 

My paper is related to several strands of literature. The first one is the literature 

on herd behavior in the investment decisions of banks. Jain and Gupta (1987) tested 

the lending behavior of U.S. banks of different sizes and found weak evidence of 

herding in international lending decisions. Nakagawa and Uchida (2003) and Uchida 

and Nakagawa (2007) both demonstrated the existence of herd behavior between 

different types of Japanese banks. The evidence is affirmative. Acharya and 

Yorulmazer (2008) developed a model to show that the likelihood of information 
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contagion can induce bank owners to herd with other banks in investment decisions. 

While these papers investigate the herd behavior of banks in the choice of regions, 

industries, or portfolio, I study the decisions of banks as to whether they will join a 

lending syndicate. My results provide evidence of how the probability of cascade 

occurrence affects loan conditions and syndication failures. 

This paper is also related to the literature on financial networks. There are 

widespread examples of financial networks such as the coinvestment networks of 

venture capital firms (Hochberg et al., 2007, 2010), the links between mutual fund 

managers and corporate board members (Cohen et al., 2008), and the co-underwriting 

networks of investment banks in security offerings (Baum et al., 2004). Here, I focus 

on syndication networks of the loan market. I am not the first to study the networks in 

the syndicated loan market. Based on the lead-participant relationship between banks, 

Godlewski et al. (2012) constructed the networks in the French syndicated loan 

market. They used three network centrality measures, betweenness, closeness, and 

degree, to proxy lenders’ experience and reputation, and demonstrate that they play a 

significant role in reducing loan spread. Cai et al. (2010) explored how networks are 

formed, that is, how lead banks choose their syndicate partners. They found lead 

banks are more likely to choose banks that have similar lending expertise and give 

these banks more senior roles in the syndicate. My paper is different from previous 

literature in several ways. While Godlewski et al. (2012) are concerned with the 

experience and reputation of lenders and use centrality measures as proxies, I am 

interested in how cascade effect can happen and how it can affect loan prices. I use 

the average path length, clustering coefficient, and density as proxies for segmented 

communication amongst lenders. Unlike Cai et al. (2010) who examined how distance 

of lending expertise can affect the future collaboration of lenders and loan spreads, I 
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study how the past collaborative relationships can affect the efficiency of sharing 

information, which in turn affects loan spreads. 

My paper is mainly related to the growing literature on syndicated loans. Many 

studies emphasize the effect of information asymmetry on loan spreads (e.g., Focarelli 

et al., 2008; Ivashina, 2009; Nandy and Shao, 2010) and the structure of loan 

syndicates (e.g., Sufi, 2007; Lee and Mullineaux, 2004; Esty and Megginson, 2003; 

Bosch and Steffen, 2011). I contribute to this literature by providing additional 

evidence that the cascade effect also plays an important role in resolving contract 

terms. 

Ivashina and Sun (2010), Nandy and Shao (2010), and Nini (2008) paid attention 

to the significant increase in institutional investors’ demand for loans and examined 

the relationship between loan spread and institutional investment. Their evidence 

shows that because of information asymmetry institutional loans have higher loan 

spreads than bank loans (Nandy and Shao, 2010; Nini, 2008). In addition, the strong 

demand in institutional investors puts downward pressure on loan spreads (Ivashina 

and Sun, 2010). In this paper, I also investigate loan pricing and lenders’ behavior in 

subscriptions, but my research does not restrict itself to institutional demand. 

Finally, my work is also related to the article of Giannetti and Yafeh (2012). 

They studied the effect of cultural distance between the lead bank and borrower on 

lending contracts. The motivation is that cultural differences between contracting 

parties may impede communication and cause friction. Their results show that the 

lead bank is prone to offer better loan conditions to culturally similar borrowers. My 

paper complements Giannetti and Yafeh’s work in at least two respects. First, while 

Giannetti and Yafeh concentrate on how cultural distance between lead bank and 

borrower can affect economic interaction, I focus on how relational distance amongst 

lenders can segment communication. Second, relational distance can be viewed as a 
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contributing factor which can impair communication even when there is no cultural 

difference. 

The remainder of this paper is organized as follows. Section 2 extends Welch’s 

model to the syndicated loan market. Section 3 introduces the empirical methodology. 

Section 4 describes the data and summary statistics. The empirical results and robust 

checks are presented in Section 5. I conclude this paper in Section 6. 

2. The Model 

Suppose a firm intends to invest in a project and decides to raise capital from the 

syndicated loan market. It has chosen a lead bank. Assume the lead bank will 

approach n other banks (potential lenders) to inquire whether they are willing to 

participate in the deal. If the return of the project is pr (e.g., IRR) then the borrower 

will not accept the loan interest rate, r, which is higher than pr . On one hand, the 

interest rate r is the borrower’s financing cost and on the other hand, it reflects the 

borrower’s credit quality. Although the borrower’s credit quality is unobservable, 

each bank knows its range, which lies somewhere between gr  and br  with a 

uniform distribution, and b gr r . The higher the borrower’s credit quality the lower 

the interest rate will be. Since the borrower never accepts an interest rate larger than 

pr , I also assume 
b pr r . 

Now suppose each potential lender can observe its own signal { , }s g b  

independent of other banks’ signal. Here, g and b denote a good and bad signal, 

respectively. Define   as a linear transformation of [ , ]g br r  such that 

(1 ) g br r r    .   can be viewed as the probability that a lender receives a bad 

signal, b. Since r and   have an one-to-one mapping, the loan interest rate can be 

expressed not only in terms of r but also in terms of  . For example, in the case of 

b pr r , I can express pr  in terms of  , that is 1p  . 
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2.1. Perfect Communication 

Consider the first case in which all potential lenders can fully communicate with 

each other and share information amongst themselves. Let k be the number of b 

signals under n possible lenders. The lowest interest rate, where each lender would 

accept given k bad signals for n potential lenders, is equal to the posterior expected 

value of  . If   is uniformly distributed in [0,1], the posterior expected value of   

given k bad signals will be: 

1
( | , )                                                                                                (1)

2

k
E k n

n
 




 

This is the Lemma 1 of Welch (1992). Equation (1) is the lowest interest rate which 

each potential lender is willing to accept given k bad signals amongst n potential 

lenders. 

According to the Lemma 2 of Welch (1992), the ex ante probability of observing 

k bad signals is: 

1
(   |   )                                                     (2)

1
prob k b signals n possible lenders

n



 

and the ex ante probability of observing k or less bad signals is: 

1
(     |   )                                        (3)

1

k
prob k or less b signals n possible lenders

n





 

Using equations (1) to (3), I can transform the borrower’s optimization problem over 

price into optimizing over the number of bad signal, k, by minimizing expected cost: 

1 1 1
min  1                                                                   (4)

1 2 1
p

k

k k k

n n n
                 

 

Here, I assume that the borrower is risk neutral. The first term of equation (4) is the 

borrower’s financing cost multiplied by the probability that the borrower receives the 

loan. The second term is the opportunity cost of giving up the project, multiplied by 

the probability that the syndication fails. According to the first order condition, the 

optimal k is: 
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* 1 1                                                                                               (5)
2

pn
k     

 
 

Due to 1p  , it follows that * / 2k n . According to equation (1), the optimal 

interest rate is * 1/ 2r  . In order to safeguard its reputation and to establish a good 

relationship with the borrower, I assume that the lead bank will choose this interest 

rate. Indeed, as noted by Focarelli et al. (2008), once the lead bank has been mandated, 

it will partner with the borrower to obtain a satisfactory result from the placement. 

2.2. Informational Cascades 

Now I consider the case where the lead bank approaches potential lenders 

sequentially. Each potential lender who is approached has to make a decision about 

participating in the loan syndication and its decision is irreversible. In addition, each 

lender is fully informed of its own signal and previous lenders’ decision but not their 

signals. In this situation, the decision made by the subsequent lender is dependent 

upon the action of earlier lenders. Once two consecutive lenders make the same 

decision, so will all subsequent lenders. That is, a cascade happens whenever a lender 

ignores its own signal and relies only on the decisions of the earlier lenders. To see 

how this could happen, I illustrate with the following examples. 

Figure 2.1 provides the decision rule of each consecutive lender. Assume the 

lead bank sets a loan price at r =1/2. If the first lender approached by the lead bank 

holds a good signal (g), according to equation (2), the lowest interest rate for which 

the lender will accept is 1/3, so this bank will choose to participate in the loan 

syndication. If the second lender has a bad signal (b) and the lowest interest rate the 

second lender is willing to accept is 1/2, the bank can choose to participate or not 

participate in the deal. Suppose the bank chooses to participate in the loan syndication. 

Given that the two consecutive lenders have joined in the loan syndication, the third 

lender and all subsequent lenders will accept the deal no matter what their signals are. 
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This gives rise to a positive cascade in lending. If the second lender’s signal is good 

(g), the lowest interest rate the bank is willing to accept is 1/4. In this case, the second 

lender will accept the lead bank’s invitation to join in the loan syndication and a 

positive cascade ensues. 

[Insert Figure 2.1] 

Now consider another scenario where the first lender observes a bad (b) signal. 

The lower bound of the interest rate for which the first lender could accept is 2/3 

hence the deal will be rejected. If the second lender also has a bad (b) signal, the deal 

will be accepted by this lender if and only if the loan interest rate is equal to or higher 

than 3/4. In this scenario, the second lender chooses to reject the deal. Given that two 

consecutive lenders have rejected the deal, all subsequent lenders will also reject the 

deal regardless of their signals. This outcome results in a negative cascade. If the 

second lender observes a good (g) signal instead of a bad (b) one, she will price the 

lending rate at 1/2 and will be indifferent to participating or not being a participant of 

the loan syndication. Suppose the second lender decides to accept the deal, now that 

the first lender is not willing to finance the project and the second lender chooses to 

finance it, the cascade effect will not take place. If the third lender’s signal is good (g), 

it will accept the deal and a positive cascade will occur. However, if the signal is bad 

(b) the third lender will not participate in the loan syndication and, again, the cascade 

effect will not occur. 

In sum, whether a cascade happens or not depends on the ordering of signals of 

the consecutive lenders which the lead bank approaches. However, for the case where 

interest rate is higher or equal to 2/3, a positive cascade will take place with certainty. 

Following Theorem 5 of Welch (1992), a risk-neutral lead bank will optimally choose 



14 
 

the interest rate of 2/3 which is the lowest interest rate a positive cascade will 

undoubtedly occur and the probability that the loan syndication will fail is zero. 

It is easy to see that the interest rate under the case of perfect communication is 

lower than the one under the cascade case. This always holds if the borrower is 

risk-neutral or moderately risk-averse. The intuition is that loan failures are costly for 

both borrowers and lead banks. Under the cascade case, the lead bank can completely 

rule out the possibility of syndication failure by increasing interest rates. This is 

impossible under the case of perfect communication because the probability of the 

syndication failure is always positive under the distributional assumption. However, I 

should note that even though interest rate is lower under the case of perfect 

communication than cascade cases, the expected cost of the former is in fact higher. It 

can be seen from equation (4) that the expected cost is (3 2) / (4 4)n n   for the case 

of perfect communication. This implies that for n larger than 1, the expected cost will 

be equal to or larger than 2/3. The bigger n is, the larger is the expected cost. In 

summary, I conclude that the ex post financing cost is lower under perfect 

communication than under cascade, although the ex ante cost of financing is higher 

due to some probability of failure. 

3. Empirical Framework 

3.1. Proxies for the degree of segmented communication 

To empirically test the model’s prediction, proxies that measure segmented 

communication amongst lenders are required. Two proxies, namely physical and 

relational distance, are used. Welch (1992) proposed the use of “locality” as a 

segmentation measure of communication. Following this idea, my first proxy is the 

physical distance amongst lenders. For a given facility (or tranche), I calculate the 

physical distance between pairs of lenders based on the cities of their principal 
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executive offices. After calculating all possible pairs, I then average the distance 

across all pairs and obtain the mean distance for lenders of the facility. The intuition is 

that the farther the physical distance amongst lenders, the more difficult they 

communicate with each other. One problem with the use of this proxy is that it may 

not truly reflect the ease of communication amongst lenders. In this day and age, 

innovations in technology, transportation, and communication may attenuate the 

constraint of physical distance, thus communication between two lenders that are 

located far apart may not necessarily be hindered by their physical distance. To 

circumvent the limitation of this proxy, I proposed a second proxy, which captures the 

relational distance amongst lenders. 

I assume that lenders who have collaborated in past syndications would be prone 

to communicating and sharing their information with each other. To measure the 

extent of collaborative relationships amongst lenders, I turn to social network analysis. 

It is widely acknowledged that the structure of financial networks has important 

implications for information dissemination (e.g., Baum et al., 2004; Hochberg et al., 

2007; Cohen et al., 2008). I apply graph theory, a mathematical discipline widely used 

to solve the problems of networks, and construct collaboration networks that loan 

syndication gives rise to. Specifically, the relational distance is quantified via the use 

of average path length, clustering coefficient, and density. 

3.2. Loan syndication networks 

A network is a set of items (called nodes or vertices) with connections (called 

links or edges) between them (Newman, 2003). In this paper, nodes represent lenders 

and links represent the existence of a leader-participant relationship between them. 

Following Baum et al. (2004), Hochberg et al. (2007, 2010), and Godlewski et al. 

(2012), for any given year, I construct a syndication network using the data from the 



16 
 

preceding five years. Since there are very little contacts amongst participant banks in 

the same syndicate, I only consider the relationship between lead-participant banks 

(Godlewski et al., 2012).1 For instance, suppose there are four syndicate members in 

a deal, banks A, B, C, and D. Bank A is the lead bank while banks B, C, and D are the 

participating banks. In this case, there are four nodes which represent the four banks. 

Bank A has three links which are directed towards the other three. But there is no link 

between banks B, C, and D. 

Having constructed the syndication network, I then compute the relational 

distance using facility level data. For any given facility, I extract a subgraph 

(subnetwork) from the preceding-five-year network based on the members of the 

facility. If some lenders are not in the network, the equivalent number of isolated 

nodes is added to the subgraph. I consider a facility in 1995 to illustrate the 

computation of the relational distance. The result is shown in Figure 2.2. In this 

example, in order to derive the subgraph for the facility, I first construct a network 

using syndicated loan data from 1990 to 1994. I then extract the subgraph from the 

network using the list of facility members. It can be seen that there is a bank that did 

not appear in the original network, therefore, an isolated node (node 11) is added to 

the subgraph. In Figure 2.2, each node represents a lender, and there are twelve 

lenders in the facility which are denoted by number 0 to 11. Any line linking the two 

                                                           
1 Following Cai et al. (2010) and Godlewski et al. (2012), I treat a bank as a lead bank if it has the 

following lender roles: Admin agent, Agent, Arranger, Bookrunner, Co-agent, Co-arranger, Co-lead 

arranger, Co-lead manager , Collateral agent, Co-manager, Co-syndications agent, Coordinating 

arranger, Documentation agent, Joint arranger, Joint lead manager, Lead arranger, Lead bank, Lead 

manager, Managing agent, Mandated arranger, Senior co-arranger, Senior co-lead manager, Senior 

co-manager, Senior lead manager, Senior manager, Senior managing agent, Syndications agent, 

Underwriter. 
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nodes indicates that the two banks had a lead-participant relationship in the period 

1990 to 1994. 

[Insert Figure 2.2] 

To gauge the relational distance three measures, average path length, clustering 

coefficient, and density, are used. The first two measures are important indicators to 

examine small-world networks. Typically, short average path length and large 

clustering coefficient are two primary characteristics of small-world networks.2 

Average path length is calculated as the average shortest path of all pairs of nodes for 

a network. Larger average path length indicates that the relational distance amongst 

lenders is longer. Clustering coefficient measures the transitivity of the links. In other 

word, if node 1 is connected to nodes 2 and 3, clustering coefficient measures the 

probability that nodes 2 and 3 are also connected. It captures the idea of local density 

(cliques). Density is the proportion of links in a given network relative to the total 

number possible. In contrast to clustering coefficient, density captures the idea of 

global-level density. Smaller clustering coefficient or density implies that the 

relational distance amongst lenders is farther. Using the example in Figure 2.2, the 

average path length is 3.18, the clustering coefficient is 0.7, and the density is 0.48. 

To summarise, I expect that the larger is the average path length (clustering and 

density), the more difficult information is disseminated amongst lenders. 

Consequently, there is a higher probability that a cascade will take place, and this in 

turn implies that the loan interest rates will be higher and the probability of failure 

will be lower. 

                                                           
2 A network is a small-world network if its average path length is lower than a regular network and its 

clustering coefficient is bigger than a random network with equal size. 
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3.3. Hypotheses 

My theoretical model generates some testable hypotheses to guide my empirical 

investigation. First, the model predicts for a positive cascade to occur in the 

syndicated loan market, the interest rate needs to be set higher under cascade than 

under perfect communication. This leads to the following hypothesis. 

H1: The ex post observed interest rate is higher if communication is more 

segmented amongst potential lenders. 

When communication amongst potential lenders is more segmented, it is harder 

for lenders to obtain information about the borrower’s credit quality. The potential 

lenders’ information cannot be aggregated efficiently in the market. As a result, 

cascade is more likely to occur and the ex post observed interest rate is higher. 

Corollary, I expect that the loan spread will be higher when a facility has longer 

physical or relational distance amongst lenders. 

Although increasing interest rate may result in a positive cascade and prevent a 

syndication failure, this is not the only means of inducing a positive cascade. In some 

situations, the lead bank may use non-price contract terms to increase potential 

lenders’ interest to participate in the syndicate because non-price contract terms can 

reduce borrower’s moral hazard behavior and to lower lenders’ loss when default 

occurs. This scenario leads to the second hypothesis: 

H2: The probability of using non-price contract terms is higher if 

communication is more segmented amongst potential lenders. 

Under H2, I expect that the probability of setting non-price contract terms is 

higher when a facility has longer physical or relational distance amongst lenders. 

The model of informational cascade shows that a positive cascade will occur 

with certainty should the interest rate be higher than a certain threshold. Consequently, 

a rational lead bank will choose this lower-bound interest rate to ensure that a positive 
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cascade will happen. This implies that the probability of syndication failure is zero. 

However, the probability of failure will always be positive under the case of perfect 

communication. My model, therefore, predicts that the probability of failure is lower 

under cascade case than under perfect communication case. This leads to my third 

hypothesis. 

H3: The probability of the loan failure is lower if communication is more 

segmented amongst potential lenders. 

Under H3, I expect that the probability of failure is higher when a facility has longer 

physical or relational distance amongst lenders. In addition, if lead bank can choose 

the syndication size, I will expect that the number of lenders will be smaller under 

perfect communication than under cascade. This is because the larger the size is, the 

higher the ex ante cost will be as shown in section 2.2. This further suggests that 

failure cases will concentrate more on low lender number loans. 

3.4. Empirical specifications 

To empirically test the aforementioned hypotheses, I use the following 

specification: 

Dependent variable=f (Distance, Control variables)                     (6) 

Different dependent variables are used to test my hypotheses. For hypothesis one, the 

dependent variable is all-in-drawn spread which is interest margin paid over LIBOR. 

For hypothesis two, I use three dependent variables to capture the contractual features. 

They are denoted by Covenant, Secured, and Guaranteed. Covenant takes the value of 

one if the contract has financial covenants and zero otherwise. Secured takes the value 

of one if the loan has been secured and zero otherwise. Guaranteed takes the value of 

one if the contract requires guarantees and zero otherwise. For hypothesis three, the 

dependent variable is also a dummy variable which is equal to one if the loan status is 
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“Cancelled” or “Suspended” as reported in the data and zero otherwise. To test 

hypothesis one, ordinary least squares (OLS) is used to estimate the regression 

parameters. And probit models are used to test hypotheses two and three. 

Distance is the key variable to proxy for segmentation of communication. Four 

proxies, physical distance, average path length, clustering coefficient, and density, are 

used in this paper. I also include a large number of control variables, such as loan and 

borrower characteristics, in the regressions. Prior research suggests that larger loans 

carry lower spreads (Carey and Nini, 2007); long-term loans may be required liquidity 

premiums by lenders (Graham et al., 2008); the presence of collateral and covenant 

could moderate adverse selection and moral hazard in the loan syndicate (Ivashina, 

2009); the number of lenders has a significant impact on loan pricing (Giannetti and 

Yafeh, 2012; Ivashina and Kovner, 2011). I, therefore, control loan characteristics 

which include logarithmic facility amount, time to maturity, secured/unsecured, 

guaranteed/nonguaranteed, financial covenant indicator, and lender number in my 

analyses. 

Borrower’s quality (credit risk) also has an important influence on loan contract 

terms. The differences in credit risk may reflect on borrower’s characteristics. By 

referring to prior research (e.g., Focarelli, et al. 2008; Ivashina, 2009; Ivashina and 

Kovner, 2011), I control public and rated firm indicator, public and unrated firm 

indicator, logarithmic sales, market to book ratio, return on asset, and total debt to 

total asset ratio (leverage). The first two variables are used as proxies for borrower’s 

transparency and the others are financial variables which respectively represent a 

firm’s size, growth opportunity, profitability, and capital structure. 

In addition, macroeconomic conditions could affect loan pricing (Graham et al., 

2008). To control macroeconomic factors, I follow Giannetti and Yafeh (2012) and 

Graham et al. (2008) to include GDP per capita, credit spread, and term spread in the 
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regressions.3 Credit spread is the difference between BAA and AAA corporate boand 

yields. It tends to widen in recessions. Term spread is the difference between 10-year 

and 2-year Treasury yields. It tends to widen if economic prospects are good. Physical 

distance between borrower and lead bank may also influence loan contract terms 

(Giannetti and Yafeh, 2012), hence, I control location dummy variable which is equal 

to 1 if the borrower and lead bank have the same 3-digit zip code and 0 otherwise. 

Definitions of aforementioned variables are provided in Appendix B, Table B1. 

Finally, various fixed effects (2-digit SIC fixed effect, loan type fixed effect, or 

loan purpose fixed effect) are also controlled in the regressions. Standard errors are 

clustered at the year level throughout my analysis.4 

4. Data and Descriptive Statistics 

Data on syndicated loans are collected from Reuters Loan Pricing Corporation 

(LPC) DealScan database, which provides detailed information on contract terms, 

borrowers, and lenders. I focus on the U.S. market in the period from January 1990 to 

August 2010. The initial data consists of 60,237 deals or 86,904 facilities. 

Facilities with only one lender are excluded from the analyses because the 

physical and relational distance cannot be calculated. I use lenders’ geographic 

information to compute their physical distance. The cities of the lenders’ principal 

executive offices are used to calculate the average physical distance on the syndicated 

loan facility level between 1990 and 2010. I am able to identify the geographic data 

for 23,188 deals or 31,938 facilities (hereafter referred to as Sample I). 

                                                           

3 My yearly GDP per capita data is from World Bank’s World Development Indicators. The credit 

spread and term spread are monthly data and they are from Federal Reserve Board of Governors. 

4 Results are stronger if standard errors are clustered at the borrower or the loan type level. I, therefore, 

report the most conservative outcomes. 
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The information of lenders’ roles (leader or participant) is used to construct the 

syndication networks between 1990 and 2009. Because the networks are not static, 

following previous literature, I use overlapping, moving five-year windows to 

construct collaboration networks amongst lenders (Baum et al., 2004, Hochberg et al., 

2007, 2010, and Godlewski et al., 2012). Sixteen moving windows (i.e. sixteen 

networks) are used to compute the relational distance for the members of each facility 

from 1995 to 2010. There are 44,327 deals or 65,390 facilities in this sample 

(hereafter referred to as Sample II). 

Descriptive statistics of the variables are provided in Table 2.1. Panel A of Table 

2.1 shows that the average loan size is 172 (265) million with a 223 (227) bps spread 

over LIBOR rate for sample I (sample II). While the mean (median) of loan amount is 

larger in Sample I than in Sample II, the mean (median) spreads are similar for both 

samples. The fraction of secured loans is high in both samples. For Sample I, 82% of 

the loans are secured. In contrast, 78% of the loans are secured for Sample II. Due to 

the fact that there are many missing values for the variable Secured in the DealScan 

database, I treat these missing values as unsecured facility throughout my analyses, 

except in the case when Secured is a dependent variable. My treatment of missing 

values as unsecured facility clearly may give rise to a bias estimate on the coefficient 

of the Secured variable. To ameliorate the effect of this bias, I define a dummy 

variable that takes the value one if the variable Secured is missing, and zero otherwise, 

and I include this variable in my regression to control for the effect of my treatment 

on the missing values. 

[Insert Table 2.1] 

The cases of syndication failures consist of 0.6% (0.5%) of the total observations 

in Sample I (Sample II). The borrowers are divided into three types: private, public 
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and unrated, and public and rated. They are used as proxies for the borrowers’ 

informational opacity (Sufi, 2007, 2009; Dennis and Mullineaux, 2000; Lee and 

Mullineaux, 2004; Bosch and Steffen, 2011). I match my sample with Compustat to 

obtain borrowers’ financial variables and their descriptive statistics are shown in 

Panel B. The average firm size in terms of sales is about 3.2 billion in Sample I and 

about 4.9 billion in Sample II. There are more missing values for the market to book 

value (MB) ratio than other financial variables. I am able to retrieve 11,359 (24,742) 

observations of MB ratio in Sample I (Sample II). 

Panel C reports the four distance measures. The average physical distance 

between any two lenders is 2,571 kilometers and the standard deviation is 2,433. In 

the formal analysis, I standardize the physical distance to facilitate the interpretation 

and expression of the regression coefficient. The mean of the average path length is 

1.68 which is much smaller than 6.9, the average lender number. The means of the 

clustering coefficient and density are 0.84 and 0.79, respectively. 

5. Empirical Results 

5.1. Results for Physical Distance 

I first examine my hypotheses using physical distance as the proxy for segmented 

communication amongst lenders. The regression results are reported in Table 2.2. It is 

seen from column (1) that the coefficient of physical distance is -2.58. The sign is 

inconsistent with my model’s prediction although it is statistically insignificant. The 

result should be interpreted with caution because physical distance is sensitive to the 

existence of foreign lenders. The presence of foreign lenders in a facility will lengthen 

the physical distance, which can bias my results (Mian, 2006; Haselmann and 

Wachtel, 2011). When I divide my sample to those with and without foreign lender, 

and re-run the regression, the coefficient on physical distance for 
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without-foreign-lender subsample become positive although it is still statistically 

insignificant.5 

In columns (2) to (4), the relationship between physical distance and other 

non-price contract terms are either insignificant or of the wrong sign. When I divide 

my sample into those with and without foreign lender, the conclusion does not change. 

These results show that the effects of physical distance on syndicated loan contract 

terms are weak. In addition, column (5) shows that physical distance seems to lack 

explanatory power in predicting loan failures. 

[Insert Table 2.2] 

One possible reason that my model’s predictions are not supported by physical 

distance may be that using lenders’ principal executive offices to calculate the 

distance is questionable. For example, if lending decision is made by banks’ branches, 

my calculation of physical distance may be biased. To disentangle this concern, I 

assume that the lending decision is made by principal executive offices as loan size is 

large, and it is made by branches as loan size is small. I, therefore, divide my sample 

into large loans and small loans according to the sample median of the ratio of facility 

amount to borrower’s total asset and re-run the regression. However, the pattern of the 

results is unchanged.6 In summary, none of my three hypotheses are supported if 

physical distance is used to proxy for segmentation of communication amongst 

lenders. 

The coefficients on control variables are mostly consistent with those reported in 

the literature. In column (1), loan spread tend to decrease with loan amount and 

maturity (e.g., Ivashina, 2009; Ivashina and Sun, 2010; Cai et al., 2010). The loan 

                                                           
5 The results are provided in Appendix B, Tables B2 and B3. 

6 The results are provided in Appendix B, Tables B4 and B5. 
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spreads on secured/guaranteed loans are significantly higher than those on 

unsecured/non-guaranteed loans (e.g., Focarelli et al., 2007; Ivashina, 2009; Nandy 

and Shao, 2010). The coefficient of the “missing” variable is positive and significant. 

This means I may have underestimated the coefficient of Secured/Guaranteed because 

I treat the missing value as unsecured/non-guaranteed. The results also show that 

macroeconomic factors and borrowers’ size, growth opportunity, profitability, and 

capital structure are all important determinants of loan spread. 

In column (2), the coefficients on control variables reveal some interesting 

patterns. The loan amount and the size of borrowers have a statistically significant and 

negative effect on the existence of financial covenants. Somewhat surprisingly, the 

coefficients on ROA and leverage are statistically significant but their signs are 

different from those reported in column (1). Intuitively, if the borrower’s profitability 

is high and leverage is low, then I would expect the financial covenants to be less 

binding. My results suggest that borrowers who are less financially constrained are 

more likely to use financial covenants to attract potential lenders. 

In column (5), I confine my analysis to data with lender numbers between two 

and ten.7 The coefficients of the control variables indicate that the probability of 

syndication failure is higher with larger loan amount or longer maturity. Loans with 

                                                           
7 As noted earlier, my model predicts that failures will concentrate more on loans with low number of 

lenders. The frequency distributions reported in Table B6 of Appendix B support the prediction. In 

Table B6, the number of syndication failures decreases as the number of lenders increases. However, 

the number of failures is falling at a faster rate than the increase in observations thus giving rise to a 

falling proportion of failures. This is with the exception of lender numbers eight and nine for both 

samples. Given this pattern in lender number and syndication failures, when H3 are tested, I confine 

my analysis to data with lender numbers between two and ten. 
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financial covenants are less likely to fail. Borrowers’ financial characteristics seem to 

exert little influence on failure probability. 

5.2. Results for Relational Distance 

Results in the previous section suggest that communication amongst lenders does 

not seem to be affected by physical distance. In this section, I consider another proxy 

for communication segmentation, the relational distance, and test its effect on 

syndicated loan contracts. 

5.2.1. Relational distance and loan spreads 

First, I test the relationship between relational distance and loan spread. The 

regressions are performed using equation (6) to test hypothesis one. The results are 

presented in Table 2.3. In all specifications, my proxies for relational distance have 

statistically significant effects on loan spreads. Column (1) shows that the coefficient 

of average path length (Path) is positive and statistically significant at the 0.1% level. 

Columns (2) and (3) show that the coefficients of clustering coefficient (Clustering) 

and density (Density) are negative and statistically significant at the 0.1% level. These 

results lend support to my hypothesis that the further the relational distance, the 

higher is the probability of a cascade occurring, hence the larger is the spread. 

[Insert Table 2.3] 

The effect of relational distance on loan spreads is also economically significant. 

A one-standard deviation increase (decrease) in average path length (clustering 

coefficient/density) increases the all-in-drawn spread by 7.7 (11.5/15.0 ) basis points, 

which is approximately 3.4 (5.1/6.7) percent of the sample median spread of 225 basis 

points. 

The coefficients of the control variables are by and large similar to those reported 

in column (1) of Table 2.2. In column (1), loan spreads significantly decrease with 
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loan amount. The reason may be due to the effect of economies of scale (Graham et 

al., 2008; and Godlewski et al., 2012) or because larger borrowers, which have greater 

transparency and lower default risk, typically issue larger loans (Focarelli et al., 2008; 

and Carey and Nini, 2007). The negative coefficient on maturity seems to be 

consistent with ‘credit-quality hypothesis’ – banks limit their exposure by lending 

riskier borrowers shorter loans (see, for example, Gottesman and Roberts, 2004). The 

loan spreads on secured/guaranteed loans are significantly higher than those on 

unsecured/non-guaranteed loans. This result seems to support “observed-risk 

hypothesis” – banks charge riskier borrowers larger loan spreads and require more 

collateral (see, for example, Godlewski and Weill, 2011). The coefficient of the 

“missing” variable is positive and significant. This means I may have underestimated 

the coefficient of Secured/Guaranteed because I treat the missing value as 

unsecured/non-guaranteed. 

Loans with financial covenants seem to have lower spreads. The intuition may be 

that covenants is a contract design that can work as an ex ante monitoring device to 

moderate moral hazard, which in turn reduces the loan spread (Ivashina, 2009).  Lee 

and Mullineaux (2004) and Bosch and Steffen (2011) showed that syndicate size is 

larger when the borrower has higher transparency and lower credit risk. This finding 

is consistent with my negative coefficient on lender number. I also find that borrowers’ 

characteristics such as larger size, higher growth opportunities, and greater 

profitability are negatively associated with loan spreads. Borrowers with higher 

leverage bear higher loan spreads. GDP per capita and credit spread have significant 

influence on loan spread, which is consistent with the findings of Giannetti and Yafeh 

(2012) and Graham et al. (2008). 
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5.2.2. Relational distance and non-price requirements 

In this section, I run probit regressions to test my second hypothesis. The results 

are presented in Table 2.4. In Panel A of Table 2.4, I examine whether the probability 

of setting financial covenants increases with relational distance measures. The results 

show that the coefficients of my variables of interest, Path, Clustering, and Density, 

are statistically insignificant at conventional levels of significance. Relational distance 

does not seem to exert any influence on the probability of having financial covenants. 

As for the coefficients of the control variables, they are qualitatively the same as those 

reported in column (2) of Table 2.2. Again I find that financially less constrained 

firms typically characterised by higher ROA and lower leverage are more likely to use 

financial covenants. 

[Insert Table 2.4] 

Panel B of Table 2.4 reports the regression results for collateral requirements. In 

column (1), the coefficient of average path length is positive and statistically 

significant with a value of 0.11. In columns (2) and (3) the coefficients of the 

clustering coefficient and density are negative and statistically significant at the 1% 

level. These results suggest that the longer is the relational distance amongst lenders, 

the higher is the probability of requiring collateral, which is consistent with 

hypothesis two. In addition, the coefficients of the control variables show that loans 

with higher amount are less likely to require collateral. The probability of requiring 

collateral is lower for public firms than for private firms. Large sized borrowers tend 

to have lower probability of offering collateral. Unlike the results for financial 

covenants, there is evidence to suggest that borrowers that are more financially 

constrained, as characterised by lower profitability and higher leverage, are more 
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likely to offer collateral. Finally, macroeconomic factors such as GDP per capita and 

credit spread also have a significant impact on requiring collateral. 

Panel C of Table 2.4 provides the regression results of equation (6). Column (1) 

shows that the average path length has a strong effect on the likelihood of guarantees 

requirements. The coefficient of Path is 0.03, which has the expected positive sign 

and is statistically significant at the 0.1% level. The same strong effect can also be 

found for the coefficient of Density which also has the expected sign and is significant 

at the 0.1% level. On the contrary, the coefficient of Clustering is insignificant at the 

5% level. Given these results, I argue that the evidence in Panel C supports my 

hypothesis that the longer is the relational distance, the higher is the probability of 

guarantee requirements. Results in Panel C also show that loans with larger amount or 

with financial covenants have higher probability to require guarantees. Secured loans 

also exhibit higher probability of setting up guarantees. It is worth noting that given 

the negative and statistically significant coefficient of the variable Missing, I may 

overestimate the effect of secured loans on the probability of requiring guarantees. 

Public firms, again, have lower probability to offer guarantees than private firms. 

Value firms are more likely to offer guarantees than growth firms. Finally, the 

probability of requiring guarantees increases in borrowers’ leverage, GDP per capita, 

and term spread. 

In summary, my evidence suggests that when a cascade is more likely to happen, 

the loan contracts have a greater tendency to include non-price agreements to attract 

potential lenders. This is especially true for non-price contract terms like collateral 

and guarantees but not for financial covenants. This observation may be in line with 

the intuition that even though financial covenants can prevent borrowers’ moral 

hazard, only collateral and guarantees can reduce lender’s damage once default occurs. 
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Therefore, contract terms on collateral and guarantees seem to be more attractive for 

lenders compared to financial covenants. 

5.2.3. Relational distance and syndication failures 

To test hypothesis three, I focus on sample with lender numbers between two and 

ten. The results are reported in Table 2.5. The coefficient of average path length is 

negative and significant at the 5% level, and the coefficient of density is positive and 

significant at the 5% level. The results from columns (1) and (3) suggest that the 

longer is the relational distance amongst lenders, the lower is the probability of 

syndication failure. However, I do not find support for the clustering coefficient. In 

column (2) of Table 2.5, the coefficient of Clustering is marginally significant but the 

sign is inconsistent with my model’s prediction. 

[Insert Table 2.5] 

The effect of control variables on the probability of syndication failures is similar 

to the results in column (5) of Table 2.2. Loans with larger amount or longer maturity 

have higher probability to fail. Contracts with financial covenants are less likely to 

fail. The probability of syndication failures is lower in expansions, as characterised by 

higher GDP per capita and term spread. 

Due to the large difference between the number of failure cases and the number 

of success cases in my sample, I also test my third hypothesis using a matching 

sample method of failure and success syndication observations.8 I obtain 224 pairs of 

such observations. I find that there are significant differences for the three relational 

distance measures and the patterns are similar to those reported in Table 2.5. The 
                                                           

8 I find in Table 2.5 that the probability of syndication failure is significantly affected by loan amount, 

maturity, financial covenants, and ROA, so I use these four variables as criteria to match the sample.  

Results of matched sample are provided in Appendix B, Table B7. 
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average path length and density have the expected signs, which support my third 

hypothesis. 

5.3. Robustness checks 

The results presented above suggest that using relational distance as a proxy for 

segmented communication lend supports to my model’s predictions. In order to 

identify the presence of information cascades and distinguish them from other 

possible explanations for the results, I conduct a number of additional analyses to 

gauge the robustness of my empirical findings. I first conduct robustness checks by 

repeating my analysis separately with interaction terms between relational distance 

measures and previous lead bank and borrower relationship, investment grades, 

covenant violation and foreign bank participation variables. I examine the robustness 

of the relationship between relational distance and loan spread in each of these 

subsamples.  Finally, I examine the potential endogeneity between spread and 

relational distance and the impact of omitted variables. 

5.3.1. Alternative explanations and model specifications 

The first concern of my results is that it is information asymmetry between lead 

bank and participants instead of cascade effect which drives my results. The 

information asymmetry effect gives rise to adverse selection and moral hazard 

problems (e.g., Focarelli et al., 2008; Ivashina, 2009; Sufi, 2007, 2009; Lee and 

Mullineaux, 2004), and enable participants to require a higher spread to compensate 

for their informational disadvantage. To disentangle this alternative explanation, I first 

check the relationships between my relational distance measures and the adverse 

selection effect. Adverse selection happens when lead bank has private information on 

the borrower that is unknown to participants. Following Sufi (2007), I use previous 

lending relationships between the lead bank and the borrower to capture the lead 
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bank’s information advantage. If the relational distance measures mainly capture the 

adverse selection effect, we should expect that the impact of these measures on loan 

spreads is stronger when there are previous relationships between the lead bank and 

borrower. 

The results are shown in Table 2.6.9 If my relational distance measures mainly 

capture adverse selection effect, I shall expect to see significant interaction terms, 

P_Previous_Relation, C_Previous_Relation, and D_Previous_Relation. As shown in 

Panel A of Table 2.6, none of the three interactions is statistically significant. It 

suggests that my results are not driven by adverse selection effect. The negative 

coefficients on the dummy variable, Previous_Relation, are consistent with Ivashina 

and Kovner (2011), although they are statistically insignificant. 

[Insert Table 2.6] 

An additional concern is that my results may be driven by moral hazard effect 

rather than cascade effect. I conduct a similar exercise that classifies borrowers into 

two categories, investment grade and non-investment grade, according to their S&P 

senior debt rating. The borrowers’ credit rating is used as a proxy for their 

informational opacity. Borrowers with non-investment grade require more intense 

monitoring and due diligence, hence moral hazard problem for the lead bank is more 

severe. If my relational distance measures are driven by the moral hazard effect, we 

should expect that the impact of the three measures on loan spreads will be stronger 

when borrowers are informationally opaque. The evidence in Panel B of Table 2.6 

show that the interaction terms, P_Investment_Grade, C_Investment_Grade, and 

                                                           
9 I do not report the results of control variables for brevity. However, the full tables be found in 

Appendix B, Tables B8 to B11. 
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D_Investment_Grade, are statistically insignificant, which suggests that my results are 

not driven by moral hazard effect. 

Another worry is that the relational distance amongst lenders may imply 

difficulties in ex post renegotiation, which should be priced ex ante. I use ex post 

violations of financial covenants as a proxy for expected probability of 

renegotiation.10 I assume that loans with covenant violations have higher ex ante 

probability of renegotiation. When it is difficult to execute renegotiation and the 

expected probability of renegotiation is high, the loan spread may be higher to reflect 

the renegotiation costs. I incorporate the covenant violation dummy and the 

interaction term of the dummy variable with my relational distance measures in the 

regression and the results are reported in Panel C of Table 2.6. If my measures of 

relational distance mainly capture renegotiation costs, we should expect to see 

significant coefficients on the interaction terms, P_Covenant_Violation, 

C_Covenant_Violation, and D_Covenant_Violation. Results in Panel C of Table 2.6 

show that covenant violation dummy, Covenant_Violation, is significantly positive 

which means that the loans which the borrowers ex post violate financial covenants 

have ex ante higher spreads. However, most of the interaction terms are insignificant. 

The evidence does not support the relational distance amongst lenders may imply 

difficulties in ex post renegotiation. 

One may also question that behaviour may differ amongst different types of 

lenders, e.g., foreign banks and domestic banks, and my results may not be 

                                                           
10 To match my sample with covenant violation provided by Nini et al. (2011), I drop observations 

with facility end date before July 1, 1997 and the facility start date after March 31, 2008. However, my 

results are not sensitive to this sample adjustment. For example, the results are qualitatively the same if 

I drop the observations with facility end date before January 1, 1997 and facility start date after June 30, 

2008. 



34 
 

generalized to different lender classes. To answer this question, I test whether my 

relational distance measures show different patterns between foreign lenders and 

domestic lenders. The results are presented in Panel D of Table 2.6. The coefficients 

on the foreign lender dummy, Foreign_Lender, is positive which indicates that loans 

with foreign participants have lower spreads, but most of them are statistically 

insignificant. The interaction terms between the dummy variable and the three 

distance measures, P_Foreign_Lender, C_Foreign_Lender, and C_Foreign_Lender, 

are mostly insignificant. The evidence show that my results can be generalized to 

different lender classes. 

5.3.2. Endogeneity 

In Section 5.2, the results of my statistical analyses suggest that the further the 

relational distance, the higher is the probability of a cascade occurring, hence the 

larger is the spread. However, relational distance may also be endogenously 

determined, to some extent, by the spread of the loan contract. It may therefore lead to 

inconsistent estimation results if I only use ordinary least square regression to 

estimate. I address this potential endogeneity issue with instrumental variables to 

conduct a two-stage regression. In so doing, I also satisfy the exclusion restriction in 

both economical and statistical terms. 

In general, there are two criteria in selecting instrumental variables: (1) 

instrument relevance; and (2) instrument exogeneity.11 In my framework, I should 

select those instrumental variables that are highly correlated with the endogenous 

variable (i.e., relational distance), but at the same time uncorrelated with the error 

term or the dependent variable. The instrumental variable I consider is the aggregate 

                                                           
11 Detailed illustrations of the selection and estimation of instrumental variables can be found in 

Wooldridge (2002) and Greene (2008). 
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amount of inactive participants (denoted as Inactive_num). That is, for each facility I 

calculate the number of nonlead-bank members who had not joined any loan 

syndicate in the previous three years. In general, the loan spread is influenced by the 

lead bank’s characteristics, but not those of participants. While the characteristics of 

participants may only have minimal effect on the spread, those inactive participants 

will have significant impact on network links, which in turn affect the relational 

distance. It therefore satisfies economically the appropriateness of selecting the 

number of inactive participants in the syndicate as our instrumental variable. 

To assess the degree of relevance between my instrumental variable and the 

endogenous variable, I check the statistical significance of the coefficients of the 

instrumental variables in the "first-stage" regression and by conducting the tests of 

Staiger and Stock (1997). A second group of tests are conducted to justify the 

"instrument exogeneity condition." To confirm my instrumental variables are in fact 

uncorrelated with the error term or my dependent variable, I conduct the exogeneity 

test of Hausman (1978). 

The results are shown in Panel A of Table 2.7.12 Let’s start with the first stage 

regression results. Confirming my expectation that the instrumental variable is highly 

related to the relational distance measures, the coefficients are statistically significant 

at the 0.1% level. I conduct Staiger and Stock (1997) test to examine the significance 

of my instrument after adding the instrument in the first stage regression. Results 

show that my instrument is statistically significant at the 0.1% level. It thus rejects the 

null hypothesis that the instruments are invalid and confirms the instrument is indeed 

related to relational distance measures.  The results of instrument exogeneity test of 

                                                           
12 Table 2.7 only reports part results of the two-stage regression. The complete results are provided in 

Appendix B, Tables B12 and B13. 
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Hausman (1978) show mixed results.  It is seen that the insignificant statistic for the 

Path variable support the exogeneity of the instrument, while the result for the 

Clustering and Density variable is marginally significant. Finally, I examine the 

results of the second-stage regressions in order to verify the relation between the 

spread and relational distance measures based on my instrumental variable.  Here, I 

regress loan spreads against fitted value of relational distance measures while 

controlling for other explanatory variables previously considered in Table 2.3. As 

before, Panel B of Table 2.7 shows a positive and statistically significant relation 

between relational distance and loan spread. In general, the findings are similar to 

those reported in Table 2.3 confirming the robustness of my conclusions. 

[Insert Table 2.7] 

5.3.3. Omitted variables 

In addition to the characteristics of the loan contracts already controlled for in 

my analysis, other forms of issuing firm or lender heteroskedasticity may also affect 

the loan spread. To check the robustness of my conclusions to the potential omission 

of other variables, I execute a regression specification with more control variables 

such as the frequency that the borrower borrows from the syndicated loan markets 

(Borrower_Experience), the average frequency that the lenders participate in the 

syndicated loan markets (Lender_Experience), whether the lead bank belongs to the 

top five lenders in the league table (Top5),13 borrower’s Z-score of Altman (1968) 

(Z-score), and the four dummy variables in Table 2.6. Results in Table 2.8 show that 

coefficients on my relational distance measures are still statistically significant with 

expected signs. In comparison with the results in Table 2.3, the magnitude of the 

                                                           
13 I calculated each lead bank’s ranking in the league table according to the data provided by Loan 

Price Corporation. 
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estimated coefficients of the relational distance measures is slightly smaller than that 

obtained when I do not control for these effects. The relative degrees of statistical 

significance are similar to those reported in Table 2.3, suggesting my empirical results 

are robust to unobservable firm-level or lender-level heteroskedasticity. 

[Insert Table 2.8] 

6. Conclusions 

The interaction of economic agents is complicated and no single rule can capture 

all situations. The complicated interaction also forms complex networks. This 

phenomenon has inspired me to construct my theoretical and empirical work in this 

paper. I use two cases to model lenders’ interaction in the syndicated loan market. My 

purpose is to explore how informational cascade could happen in this market and how 

it would affect loan pricing. I also empirically test the model’s predictions. 

The first case is my benchmark where I assume all potential lenders can freely 

share information held by them. The second one is the cascade case in which I assume 

each potential lender can only observe the decisions of its predecessors. If potential 

lenders only have imperfect signals, the actions of their predecessors are important 

information for evaluating a loan. My model shows that if the lead bank is rational 

and risk-neutral, the probability of syndication failure is always positive in the 

benchmark but is zero in the case of cascade. This results in lower ex ante financing 

cost under the cascade but the ex post interest rate will be higher. The intuition is that 

the lead bank will increase the interest rate to elicit a positive cascade and ensure that 

financing is obtained. 

To empirically test the models’ predictions, physical distance and relational 

distance are used to proxy for segmentation of communication amongst lenders. I use 

average path length, clustering coefficient, and density, which are both taken from the 
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analysis of syndication networks, to gauge the relational distance. The longer distance 

signifies that communication or information is more segmented amongst lenders. The 

results show that the physical distance does not support the predictions, but the 

relational distance does. I argue that the physical distance is not a good proxy due to 

innovations in technology, transportation, and communication. The relational distance 

is a good proxy because the influence of network structures on information 

dissemination and transmission is well-established in the literature. 

As the relational distance is used as a proxy for segmented communication, the 

results show that the relational distance is positively correlated with loan spread and is 

negatively correlated with the probability of syndication failure. In addition, the 

higher relational distance also results in more non-price contract terms, especially the 

requirements for collateral and guarantees. These findings confirm my model’s 

predictions. The cascade effect does matter for lending conditions. 

My study contributes to the literature in three aspects. First, to my best 

knowledge, this is the first study to explore cascade effect in the syndicated loan 

market. As noted in section 1, although some studies have examined the herd 

behavior in banks’ investment decisions, they did not focus on the syndicated loan 

market and did not explore how herd behavior affects loan pricing. 

Second, several distance measures have been proposed and associated with 

economic decisions, for example, physical distance (Mian, 2006; Giannetti and Yafeh, 

2012), distance of specialization (Cai et al., 2010), and cultural distance (Giannetti 

and Yafeh, 2012). Also, many researches have proven the existence of relationship 

lending (e.g., Elyasiani and Goldberg, 2004; Champagne and Kryzanowski, 2007). I 

extend these ideas to propose a novel proxy, relational distance. It is difficult to 

capture relationships amongst economic agents and to quantify the relational distance. 

I overcome these obstacles by conducting a social network analysis. 
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Finally, there have been plenty of papers that investigate the determinants of 

loan prices. In this paper, I analyze not only the factors that affect loan price but also 

those that cause syndication failures. To my best knowledge, this is also the first study 

to empirically test the determinants of syndication failures. It is an important issue 

because syndication failures are costly to borrowers and lenders and may impair 

investment activities. Understanding the causes of syndication failures helps to 

improve the success of the syndicated loan market. 
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Figure 2.1: An example of the decision rule of the cascade case 

This figure illustrates an example of the decision rule of the cascade case. The lowest 

interest rate for which the potential lender is willing to accept is reported in 

parentheses. 

 

 

Figure 2.2: An example of a syndication network. 

This figure uses a facility in 1995 as an example to show what the syndication 

network look like. Each node represents a lender and any line linking two nodes 

indicates that the two banks had a lead-participant relationship in the period 1990 to 

1994. 
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Table 2.1: Descriptive statistics of regression variables 

Data are collected form DealScan database and for the period from January 1990 to August 

2010. Only facilities which have lender number that is larger than 1 are included. Sample I is 

the sample used in the analysis for physical distance. Sample II is the sample used in the 

analysis for relational distance. Definitions and units of the variables are provided in 

Appendix B, Table B1. 

Variable 

Sample I Sample II 

Obs. Mean Std. Median Obs. Mean Std. Median

Panel A: Loan characteristics 

Allindrawn 26,083 223.11 144.33 215 56,973 227.24 151.82 225

Amt 31,938 171.50 400.77 66 65,390 265.10 650.60 100

Maturity 27,750 46.71 147.07 46 59,528 47.92 102.60 50

Secured 11,346 0.82 0.38 1 29,080 0.78 0.42 1

Guaranteed 31,938 0.02 0.14 0 65,390 0.05 0.22 0

Covenant 31,938 0.20 0.40 0 65,390 0.33 0.47 0

Lender_num 31,938 4.25 3.76 3 65,390 6.90 7.52 4

Failed 31,938 0.006 0.08 0 65,390 0.005 0.07 0

Panel B: Borrower characteristics 

Pub_unrated 24,507 0.23 0.42 0 50,592 0.20 0.40 0

Pub_rated 24,507 0.27 0.44 0 50,592 0.32 0.47 0

Sales 13,794 3,235.24 11,391.40 596.75 30,518 4,881.90 16,288.59 932.06

MB 11,359 3.01 25.94 1.87 24,742 7.38 409.59 1.97

ROA 13,794 1.16 47.54 2.91 30,511 1.59 50.64 3.09

Leverage 13,750 36.70 26.92 33.67 30,513 37.20 27.85 34.08

Panel C: Proxies for the segmentation of communication 

Distance 31,938 2,570.99 2,432.64 1,580.41  

Path   65,326 1.68 2.15 1.07

Cluster   46,508 0.84 0.26 0.94

Density   65,326 0.79 0.29 0.93
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Table 2.2: Effects of physical distance on loan contract terms and syndication failures 
The dependent variable in column (1) is all-in-drawn spread. The dependent variable in column (2) is an indicator variable which takes the value 1 if a loan 
contract includes at least one financial covenant and 0 otherwise. The dependent variable in column (3) is an indicator variable which takes the value 1 if the 
loan has been secured and zero otherwise. The dependent variable in column (4) is an indicator variable which takes the value 1 if the contract requires 
guarantees and zero otherwise. In column (5), the dependent variable is an indicator variable which takes the value 1 if the loan failed and 0 otherwise. 
Secured/Guaranteed takes the value 1 if a loan is secured or guaranteed. Missing is a missing value indicator which equals 1 if Secured/Guaranteed is missing 
and 0 otherwise. Definitions of the other variables are provided in Appendix B, Table B1. Distance is standardized throughout the sample. Estimates for the 
intercepts are not reported in this table. All regressions include loan type, loan purpose, and year fixed effects. Robust standard errors allowing for clustering 
by year are presented in parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, and 5%, respectively. 

 Loan spread 
(1) 

Covenant 
(2) 

Secured 
(3) 

Guaranteed 
(4) 

Failure 
(5) 

Distance -2.5845 (1.5614) -0.0730** (0.0283) 0.0607 (0.0339) -0.1030* (0.0481) -0.1386 (0.1063) 
Log (Amt) -18.0157*** (1.7925) -0.0348 (0.0263) -0.2392*** (0.0355) 0.0087 (0.0290) 0.3367*** (0.0951) 
Maturity -0.4291*** (0.0972) -0.0013 (0.0012) 0.0109*** (0.0022) -0.0050** (0.0018) 0.0108*** (0.0025) 
Secured/Guaranteed 63.3905*** (3.6353) -0.1438* (0.0655)     0.3766 (0.2078) 
Guaranteed     0.1010 (0.1065)     
Secured       0.1310 (0.0999)   
Missing 12.9322** (3.4319) -1.6385*** (0.1223)   -0.4298* (0.1828) -0.1348 (0.2148) 
Covenant -8.1614 (5.1872)   -0.1942** (0.0652) 1.1363*** (0.1573) -0.7089*** (0.1377) 
Lender_num -0.6503 (0.3545) 0.0433*** (0.0106) -0.0301*** (0.0086) 0.0024 (0.0113)   
Pub_unrated 2.2010 (3.2079) -0.0139 (0.0753) -0.1226* (0.0581) -0.0560 (0.1017) 0.0952 (0.1531) 
Pub_rated -1.6349 (2.9906) -0.0156 (0.1004) -0.0262 (0.0620) -0.1903* (0.0916) 0.3298 (0.1730) 
Log (Sales) -9.9506*** (1.3652) -0.1562*** (0.0298) -0.2443*** (0.0494) 0.0641 (0.0343) 0.0470 (0.0446) 
MB -0.0995*** (0.0258) 0.0009 (0.0012) 0.0002 (0.0008) -0.0011** (0.0004) 0.0007 (0.0004) 
ROA -1.8984*** (0.2806) 0.0046** (0.0018) -0.0296*** (0.0065) -0.0024 (0.0033) -0.0061 (0.0069) 
Leverage 0.7969*** (0.0895) -0.0017 (0.0011) 0.0129*** (0.0024) 0.0029 (0.0018) -0.0003 (0.0020) 
GDP_PC 27.5905*** (5.4388) 0.9412*** (0.1997) 0.3932*** (0.0679) 0.9142*** (0.1106) 0.0153 (0.1675) 
Credit_Spread 37.4990*** (6.6034) -0.2989 (0.3437) 0.1474 (0.0973) -0.2305 (0.1650) 0.2779 (0.2454) 
Term_Spread 13.4258** (4.6859) -0.2341 (0.1536) 0.0613 (0.0330) 0.2233*** (0.0504) -0.1435 (0.1453) 
Location 3.7076 (3.2702) -0.1041 (0.0851) -0.0025 (0.0823) -0.0734 (0.0856) -0.6003* (0.2614) 
Fix effect: 

Loan type Yes Yes No No No 
Loan purpose Yes Yes No No No 
2-digit SIC Yes Yes Yes Yes Yes 

N 8,605 9,559 5,524 9,559 8,487 
Adj. (Pseudo) R-sq 0.5369 0.4073 0.2670 0.3384 0.3162 
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Table 2.3: Effect of relational distance on loan spreads 

The dependent variable is all-in-drawn spread. Secured/Guaranteed takes the value 1 if a loan 
is secured or guaranteed. Missing is a missing value indicator which equals 1 if 
Secured/Guaranteed is missing and 0 otherwise. Definitions of the other variables are 
provided in Appendix B, Table B1. Estimates for the intercepts are not reported in this table. 
All regressions include loan type, loan purpose, and 2-digit SIC fixed effects. Robust standard 
errors allowing for clustering by year are presented in parentheses. ***, **, and * denote 
statistical significance at the 0.1%, 1%, and 5%, respectively. 

 (1) (2) (3) 

Path 3.5792*** (0.6606)     

Clustering   -44.3250*** (7.4740)   

Density     -51.6100*** (8.9697) 

Log (Amt) -21.2732*** (1.4399) -19.1894*** (1.4915) -21.0105*** (1.4879) 

Maturity -0.0057 (0.0039) -0.0049 (0.0031) -0.0056 (0.0039) 

Secured/Guaranteed 59.3465*** (3.9918) 60.0370*** (4.2133) 57.9215*** (3.9096) 

Missing 8.1895* (3.3282) 8.3715* (3.5560) 8.6066* (3.3020) 

Covenant -11.8981** (3.4480) -8.4844* (3.6945) -13.0771** (3.6638) 

Lender_num -0.7946* (0.2765) -0.2291 (0.1819) -0.5435* (0.2093) 

Pub_unrated -1.9282 (2.8232) -1.4963 (2.2395) -2.1985 (2.8676) 

Pub_rated -3.1289 (3.7527) -4.3647 (3.0567) -3.0795 (3.7890) 

Log (Sales) -6.4798*** (1.4194) -5.0598** (1.4370) -6.0614*** (1.3628) 

MB -0.0016*** (0.0003) -0.0013** (0.0004) -0.0016*** (0.0003) 

ROA -2.2445*** (0.2952) -2.0234*** (0.2799) -2.2100*** (0.3103) 

Leverage 0.6966*** (0.0860) 0.6394*** (0.0796) 0.6857*** (0.0833) 

GDP_PC 15.8162* (6.8117) 13.1458 (7.4952) 18.1406* (6.8772) 

Credit_Spread 57.0536*** (10.5777) 58.5774*** (12.9945) 56.3230*** (10.9258)

Term_Spread 21.0268** (6.9659) 19.8088* (7.4205) 20.3506* (7.0597) 

Location -2.6788 (2.5588) -4.9733 (2.4562) -2.5183 (2.5595) 

Fix effect: 

Loan type Yes Yes Yes 

Loan purpose Yes Yes Yes 

2-digit SIC Yes Yes Yes 

N 20,170 17,342 20,170 

Adj. R-sq 0.5380 0.5605 0.5429 
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Table 2.4: Effects of relational distance on non-price contract terms 
The dependent variable in Panel A is an indicator variable which takes the value 1 if a loan 
contract includes at least one financial covenant and 0 otherwise. The dependent variable in 
Panel B is an indicator variable which takes the value 1 if a loan is secured and 0 otherwise. 
The dependent variable in Panel C is an indicator variable which takes the value 1 if a loan is 
guaranteed and 0 otherwise. Secured/Guaranteed takes the value 1 if a loan is secured or 
guaranteed. Missing is a missing value indicator which equals 1 if Secured/Guaranteed is 
missing and 0 otherwise. Definitions of the other variables are provided in Appendix B, Table 
B1. Estimates for the intercepts are not reported in this table. All regressions include loan type, 
loan purpose, and 2-digit SIC fixed effects. Robust standard errors allowing for clustering by 
year are presented in parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, 
and 5%, respectively. 

 (1) (2) (3) 

Panel A:Results for financial covenants 

Path 0.0024 (0.0210)     

Clustering   -0.1619 (0.0937)   

Density    -0.1143 (0.0928) 

Log (Amt) -0.0630* (0.0256) -0.0934*** (0.0278) -0.0617* (0.0263) 

Maturity -0.0020* (0.0008) -0.0034*** (0.0010) -0.0020* (0.0008) 

Secured/Guaranteed -0.0621 (0.0618) -0.0510 (0.0673) -0.0712 (0.0621) 

Missing -1.6189*** (0.1106) -1.6203*** (0.1093) -1.6184*** (0.1125) 

Lender_num 0.0332*** (0.0065) 0.0295*** (0.0055) 0.0329*** (0.0055) 

Pub_unrated 0.0775 (0.0479) 0.1160* (0.0575) 0.0829 (0.0461) 

Pub_rated 0.1372* (0.0569) 0.1852** (0.0583) 0.1426* (0.0556) 

Log (Sales) -0.1240*** (0.0192) -0.1176*** (0.0221) -0.1217*** (0.0190) 

MB -0.0000* (0.0000) -0.0000* (0.0000) -0.0000* (0.0000) 

ROA 0.0072*** (0.0013) 0.0063*** (0.0015) 0.0072*** (0.0013) 

Leverage -0.0019* (0.0009) -0.0021* (0.0010) -0.0019* (0.0009) 

GDP_PC 0.1406 (0.1659) 0.1626 (0.1578) 0.1465 (0.1638) 

Credit_Spread 0.1528 (0.0941) 0.1423 (0.0941) 0.1500 (0.0928) 

Term_Spread 0.0388 (0.0521) 0.0218 (0.0537) 0.0381 (0.0518) 

Location -0.0082 (0.0926) -0.0096 (0.0868) -0.0032 (0.0929) 

Fix effect: 

Loan type Yes Yes Yes 

Loan purpose Yes Yes Yes 

2-digit SIC Yes Yes Yes 

N 21,567 18,318 21,567 

Pseudo R-sq 0.3826 0.3869 0.3815 

Panel B:Results for collateral 

Path 0.1104*** (0.0097)     

Clustering   -1.2202*** (0.1794)   

Density    -0.9384*** (0.0924) 

Log (Amt) -0.2388*** (0.0233) -0.2383*** (0.0257) -0.2364*** (0.0231) 

Maturity 0.0001 (0.0001) 0.0001 (0.0001) 0.0001 (0.0001) 

Guaranteed 0.1325* (0.0534) 0.1543** (0.0519) 0.1270* (0.0559) 

Covenant -0.2302* (0.0900) -0.2540** (0.0920) -0.2430** (0.0907) 
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Lender_num -0.0055 (0.0042) 0.0033 (0.0048) -0.0010 (0.0036) 

Pub_unrated -0.3078** (0.1052) -0.3356** (0.1195) -0.3088** (0.1093) 

Pub_rated -0.2791*** (0.0708) -0.3176*** (0.0800) -0.2771*** (0.0767) 

Log (Sales) -0.2801*** (0.0226) -0.2866*** (0.0229) -0.2748*** (0.0224) 

MB -0.0002* (0.0001) -0.0002** (0.0001) -0.0003** (0.0001) 

ROA -0.0306*** (0.0042) -0.0307*** (0.0049) -0.0312*** (0.0043) 

Leverage 0.0162*** (0.0010) 0.0164*** (0.0012) 0.0162*** (0.0010) 

GDP_PC 0.4408*** (0.0509) 0.4797*** (0.0586) 0.4750*** (0.0510) 

Credit_Spread -0.0634* (0.0256) -0.0872*** (0.0259) -0.0779** (0.0271) 

Term_Spread -0.0132 (0.0241) -0.0136 (0.0293) -0.0227 (0.0252) 

Location -0.1013 (0.0624) -0.1108* (0.0494) -0.0933 (0.0593) 

Fix effect: 

Loan type No No No 

Loan purpose No No No 

2-digit SIC Yes Yes Yes 

N 14,418 12,358 14,418 

Pseudo R-sq 0.2765 0.2723 0.2815 

Panel C: Results for guarantees 

Path 0.0317*** (0.0088)     

Clustering   -0.0126 (0.1180)   

Density     -0.3428*** (0.0779) 

Log (Amt) 0.0185 (0.0185) 0.0018 (0.0216) 0.0144 (0.0190) 

Maturity -0.0019* (0.0008) -0.0017* (0.0009) -0.0020* (0.0008) 

Secured 0.1946*** (0.0536) 0.2124*** (0.0508) 0.1926*** (0.0527) 

Missing -0.4381*** (0.0951) -0.4019*** (0.0934) -0.4289*** (0.0937) 

Covenant 0.8845*** (0.0671) 0.9194*** (0.0639) 0.8770*** (0.0673) 

Lender_num -0.0080** (0.0029) 0.0003 (0.0024) -0.0027 (0.0022) 

Pub_unrated -0.2310*** (0.0260) -0.2333*** (0.0489) -0.2294*** (0.0277) 

Pub_rated -0.2510*** (0.0501) -0.2560*** (0.0531) -0.2531*** (0.0512) 

Log (Sales) 0.0336 (0.0240) 0.0224 (0.0271) 0.0337 (0.0241) 

MB -0.0002 (0.0001) -0.0001 (0.0001) -0.0002 (0.0001) 

ROA -0.0001 (0.0014) -0.0009 (0.0019) 0.0002 (0.0014) 

Leverage 0.0007 (0.0007) 0.0002 (0.0009) 0.0006 (0.0007) 

GDP_PC 0.6774*** (0.1208) 0.7058*** (0.1170) 0.7001 *** (0.1185) 

Credit_Spread -0.0944 (0.1252) -0.0766 (0.1237) -0.0971 (0.1227) 

Term_Spread 0.2102** (0.0641) 0.2034** (0.0648) 0.2055** (0.0632) 

Location 0.0409 (0.0355) 0.0326 (0.0476) 0.0412 (0.0350) 

Fix effect: 

Loan type No No No 

Loan purpose No No No 

2-digit SIC Yes Yes Yes 

N 21,567 18,318 21,567 

Pseudo R-sq 0.1909 0.1918 0.1916 
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Table 2.5: Effect of relational distance on syndication failures 
The dependent variable is a binary variable which takes the value 1 if the loan failed and 0 
otherwise. Secured/Guaranteed takes the value 1 if a loan is secured or guaranteed. Missing is 
a missing value indicator which equals 1 if Secured/Guaranteed is missing and 0 otherwise. 
Definitions of the other variables are provided in Appendix B, Table B1. Estimates for the 
intercepts are not reported in this table. Only samples with lenders number between two and 
five are used. Robust standard errors allowing for clustering by year are presented in 
parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, and 5%, respectively. 

 (1) (2) (3) 

Path -0.3081* (0.1423)     

Clustering   -0.7203* (0.3537)   

Density     0.8519* (0.3885) 

Log (Amt) 0.3027*** (0.0873) 0.3366** (0.1100) 0.3044*** (0.0875) 

Maturity 0.0123*** (0.0017) 0.0120*** (0.0016) 0.0120*** (0.0016) 

Secured/Guaranteed 0.2997 (0.1537) 0.0172 (0.1343) 0.3122* (0.1527) 

Missing -0.0759 (0.2062) -0.2438 (0.2051) -0.0723 (0.2071) 

Covenant -0.8569*** (0.1434) -0.8504*** (0.2078) -0.8470*** (0.1399) 

Pub_unrated 0.0887 (0.1230) 0.1691 (0.1864) 0.1038 (0.1244) 

Pub_rated 0.2775* (0.1364) 0.2979 (0.1987) 0.2874* (0.1407) 

Log (Sales) 0.0034 (0.0361) 0.0428 (0.0455) -0.0019 (0.0356) 

MB -0.0000 (0.0001) -0.0001 (0.0001) -0.0001 (0.0002) 

ROA -0.0059 (0.0035) -0.0068* (0.0030) -0.0056 (0.0033) 

Leverage 0.0029 (0.0019) 0.0032 (0.0034) 0.0028 (0.0019) 

GDP_PC -0.4569* (0.1811) -0.5941** (0.2414) -0.4609* (0.1779) 

Credit_Spread 0.3051 (0.2258) 0.5890** (0.2202) 0.3137 (0.2217) 

Term_Spread -0.0395 (0.1046) -0.0569 (0.1309) -0.0430 (0.1041) 

Location -0.7130* (0.2885) -0.4634* (0.2349) -0.7180* (0.2901) 

Fix effect: 

Loan type No No No 

Loan purpose No No No 

2-digit SIC Yes Yes Yes 

N 14,619 11,376 14,619 

Pseudo R-sq 0.3091 0.3517 0.3069 
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Table 2.6: Robustness check: alternative explanations and model specifications 
This table presents robustness tests to explore alternative explanations for the relationship 
between relational distance and loan price. The dependent variable is all-in-drawn spread in 
all panels. Previous_Relation, Investment_Grade, Covenant Violation, and Foreign_Lender, 
are indicator variables whose definitions are provided in Appendix B, Table B1. 
P_Previous_Relation, C_Previous_Relation, and D_Previous_Relation are interactions 
between Previous_Relation and Path, Clustering, and Density, respectively. The similar 
notations and definitions can be applied to the other panels. Estimates for the intercepts and 
control variables are not reported in this table. All regressions include loan type, loan purpose, 
and 2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are 
presented in parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, and 5%, 
respectively. 
 (1) (2) (3) 

Panel A: Previous relationship between lead bank and borrower 

Path 4.3131** (1.2442)     

Clustering   -41.3556*** (8.7480)   

Density     -54.7697*** (10.7821) 

Previous_Relation -5.1585 (4.1042) -0.9542 (9.1590) -16.2604 (7.8482) 

P_Previous_Relation -1.3678 (1.3015)    

C_Previous_Relation  -6.0565 (11.4687)   

D_Previous_Relation   11.9728 (10.0375) 

Panel B: Borrower’s rating 

Path 3.1386*** (0.7530)     

Clustering   -46.9178*** (8.8689)   

Density     -49.1490*** (9.0554) 

Investment_Grade -41.2863*** (4.4285) -43.6701** (14.6073) -49.7238*** (10.1636) 

P_Investment_Grade 1.2634 (0.8460)    

C_Investment_Grade  4.8189 (13.5304)   

D_Investment_Grade   12.1345 (8.3259) 

Panel C: Covenant violation 
Path 4.4761** (1.4665)     

Clustering   -35.0436* (12.3289)   

Density     -39.0086* (13.2394) 

Covenant_Violation 23.4100*** (2.7215) 26.9637** (8.0773) 46.0926*** (9.6531) 

P_Covenant_Violation 1.2044 (1.2861)    

C_Covenant_Violation  -8.0228 (9.6935)   

D_Covenant_Violation   -26.9496* (12.0530) 

Panel D: Foreign participants 

Path 7.8838** (2.6224)     

Clustering   -41.8129*** (6.4784)   

Density     -54.7658*** (10.9528) 

Foreign_Lender -1.0971 (4.0324) 0.5974 (9.7382) -16.0555 (8.3753) 

P_Foreign_Lender -5.1485 (2.6087)    

C_Foreign_Lender  -4.1282 (10.6922)   

D_Foreign_Lender   8.0208 (7.9902) 
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Table 2.7: Robustness check: endogeneity 
This table reports the results of two-stage instrumental variable regressions. Panel A is the 
first-stage results and Panel B is the second-stage results. All control variables and fix effects 
in Table 3 are included in both stages but not reported. The dependent variables in column (1), 
(2), and (3) of Panel A are Path, Clustering, and Density, respectively. The dependent variable 
in Panel B is all-in-drawn spread. Inactive_num is the instrumental variable and defined as the 
number of nonlead-bank members who had not joined any loan syndicate in the previous 
three years. Definitions of the other variables are provided in Appendix B, Table B1. Robust 
standard errors allowing for clustering by year are presented in parentheses. ***, **, and * 
denote statistical significance at the 0.1%, 1%, and 5%, respectively. 

 (1) (2) (3) 

Panel A: First stage 

Inactive _num 1.7375*** (0.0994) -0.0297*** (0.0034) -0.0547*** (0.0073) 

N 20,170 17,342 20170 

Adj. R-sq 0.8205 0.1648 0.2023 

Test of instrument strength (Ho: the instrument is weak) 

F-statistic 305.3780*** 76.4786*** 56.1779*** 

Test of exogeneity (Ho: the instrument is exogenous) 

F-statistic 0. 0376 7.1267* 5.1933* 

Panel B: Second stage 

Path 3.6828*** (0.9323)     
Clustering   -167.2799** (55.9041)   
Density    -116.8941** (39.5805) 

N 20,170 17,342 20,170 

Adj. R-sq 0.5380 0.5249 0.5311 
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Table 2.8: Robustness check: omitted variables 
The dependent variable is all-in-drawn spread. Borrower_Experience is the number of 
previous loans that the borrower borrows from the syndicated loan markets. 
Lender_Experience is the average number of previous loans that the lenders of a given facility 
participate in the syndicated loan market. Top5 is a dummy variable, which indicates whether 
the lead bank belongs to the top five lenders in the league table. Z-score is Altman’s (1968) 
Z-score. Secured/Guaranteed takes the value 1 if a loan is secured or guaranteed. Missing is a 
missing value indicator which equals 1 if Secured/Guaranteed is missing and 0 otherwise. 
Definitions of the other variables are provided in Appendix B, Table B1. Estimates for the 
intercepts are not reported in this table. All regressions include loan type, loan purpose, and 
2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are presented 
in parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, and 5%, 
respectively. 

 (1) (2) (3) 

Path 3.6654** (1.0971)     

Clustering   -34.6429** (9.5440)   

Density    -38.6990** (10.0943) 

Previous_Relation 1.3912 (0.8791) 2.3584* (1.0526) 1.3491 (0.8990) 

Investment_Grade -45.5459*** (9.0027) -43.0530*** (7.3032) -45.1702*** (9.0547) 

Covenant_Violation 4.7711*** (0.7752) 4.2724*** (0.8658) 4.8635*** (0.7511) 

Foreign_Lender -12.4417** (3.9321) -5.9076* (2.6491) -13.6973** (4.0234) 

Borrower_Experience 0.0346 (0.3418) 0.3504 (0.2975) 0.0602 (0.3441) 

Lender_Experience -0.0085*** (0.0014) -0.0063** (0.0019) -0.0067*** (0.0014) 

Top5 -0.8537 (4.0508) 1.9458 (3.7815) 0.1499 (3.8500) 

Z_Score -0.6531* (0.2472) -2.4235* (0.8742) -0.6376* (0.2469) 

Log (Amt) -20.4164*** (2.0093) -19.6463*** (1.7956) -20.6941*** (1.9692) 

Maturity -0.9595*** (0.1749) -0.9168*** (0.1809) -0.9451*** (0.1820) 

Secured/Guaranteed 63.3064*** (4.5449) 64.6131*** (5.4718) 62.8998*** (4.5512) 

Missing 23.8258*** (4.7392) 25.7356*** (3.6585) 23.5859*** (4.5572) 

Covenant -15.5452** (4.7237) -8.6916* (3.2024) -15.7647** (4.6035) 

Lender_num -1.3320* (0.4565) -0.5351 (0.2675) -0.8750* (0.3198) 

Pub_unrated 4.0972 (6.6157) 7.3356 (5.3142) 3.9213 (6.5292) 

Pub_rated 16.8857* (6.9468) 15.8912* (6.6389) 16.4534* (6.9543) 

Log (Sales) -1.3783 (2.7821) -1.1280 (2.3908) -1.0359 (2.7370) 

MB 0.0445 (0.0497) 0.0721 (0.0444) 0.0493 (0.0535) 

ROA -1.7446*** (0.3679) -1.7158*** (0.3382) -1.7329*** (0.3804) 

Leverage 0.9090*** (0.0989) 0.6273*** (0.1312) 0.8865*** (0.0975) 

GDP_PC 34.0044*** (5.2237) 22.2191*** (5.1405) 32.7333*** (5.3619) 

Credit_Spread 54.2489** (13.0833) 55.6013** (16.9992) 53.3515** (13.3535) 

Term_Spread 12.9894* (4.9710) 10.7183 (5.4424) 12.6624* (4.9237) 

Location 6.0115 (5.0293) -0.4282 (4.8717) 5.9940 (5.0546) 

Fix effect: 

Loan type Yes Yes Yes 

Loan purpose Yes Yes Yes 

2-digit SIC Yes Yes Yes 

N 5,842 4,740 5,842 

Adj. R-sq 0.4902 0.5232 0.4920 
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Appendix A 

Proof of equation (1): 
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Consider the denominator. By performing integration by parts: 
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Continuing the process of integration by parts: 
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The same procedure can be applied to the numerator in (A.1): 
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Dividing expression (A.2) by (A.3) yields 
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Proof of equations (2) and (3): 

Using the result of equation (A.2): 
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Proof of equation (4): 
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The first order condition is 
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Appendix B 

Table B1: Variable definitions 
Variable Definition Units

Panel A: Loan characteristics 

Amt Facility amount Million US$

Maturity Loan maturity Months

Secured 1 if the loan is secured, 0 otherwise 0 or 1

Guaranteed 1 if the loan is guaranteed, 0 otherwise 0 or 1

Covenant 1 if the loan has financial covenants, 0 otherwise 0 or 1

Lender_num Lender number of a given facility 

Failed 1 if the deal status is “Cancelled” or “Suspended”, 0 

otherwise 

0 or 1

Panel B: Borrower characteristics 

Pub_unrated 1 if the borrower is public and not rated, 0 otherwise 

Pub_rated 1 if the borrower is public and rated, 0 otherwise 

Sales Borrower’s sales at the end of the year prior to the loan 

active 

MB Borrower’s market to book ratio at the end of the year prior 

to the loan active 

ROA Borrower’s return on assets at the end of the year prior to 

the loan active 

Leverage Borrower’s total debt to total assets ratio at the end of the 

year prior to the loan active 

Panel C: Proxies for the segmentation of communication 

Distance Average physical distance among lenders for a given 

facility 

kilometer

Path Average shortest path among lenders for a given facility 

Cluster The member’s clustering coefficient for a given facility 

Density The proportion of links in a given network relative to the 

total possible links 

Panel D: other variables 

GDP_PC GDP per capita (annual) US$10,000

Credit_Spread The difference between the yields of BAA and AAA 

corporate bonds 

%

Term_Spread The difference between the yields of 10-year and 2-year 

Treasury bonds 

%

Location 1 if the borrower’s principal executive office is the same as  

the lead bank’s 

0 or 1

Previous_Relationship 1 if there exists a previous relationship between the lead 

bank and borrower 

0 or 1

Investment_Grade 1 if the borrower’s credit rating is investment grade 0 or 1

Covenant_Violation 1 if the borrower violate a financial covenant 0 or 1

Foreign_Lender 1 if there is at least one foreign lender in a given facility 0 or 1
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Table B2: Effects of physical distance on loan contract terms and syndication failures: Facilities without foreign lender 
The dependent variable in column (1) is all-in-drawn spread. The dependent variable in column (2) is an indicator variable which takes the value 1 if a loan 
contract includes at least one financial covenant and 0 otherwise. The dependent variable in column (3) is an indicator variable which takes the value 1 if the 
loan has been secured and zero otherwise. The dependent variable in column (4) is an indicator variable which takes the value 1 if the contract requires 
guarantees and zero otherwise. In column (5), the dependent variable is an indicator variable which takes the value 1 if the loan failed and 0 otherwise. Only 
facilities without foreign number are included in this analysis. Secured/Guaranteed takes the value 1 if a loan is secured or guaranteed. Missing is a missing 
value indicator which equals 1 if Secured/Guaranteed is missing and 0 otherwise. Definitions of the other variables are provided in Appendix B, Table B1. 
Distance is standardized throughout the sample. Estimates for the intercepts are not reported in this table. All regressions include loan type, loan purpose, and 
2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are presented in parentheses. ***, **, and * denote statistical significance at the 
0.1%, 1%, and 5%, respectively. 

 Loan spread 
(1) 

Covenant 
(2) 

Secured 
(3) 

Guaranteed 
(4) 

Failure 
(5) 

Distance 7.1233 (4.8900) -0.0532 (0.0828) 0.2209* (0.0951) -0.0573 (0.1137) 0.1413 (0.4053) 
Log (Amt) -20.3930*** (2.6681) 0.0150 (0.0341) -0.1965*** (0.0527) -0.0213 (0.0484) 0.5563*** (0.1639) 
Maturity -0.4934** (0.1290) -0.0010 (0.0016) 0.0063* (0.0029) -0.0042 (0.0027) 0.0205*** (0.0032) 
Secured/Guaranteed 63.8779*** (6.2246) -0.2752** (0.0913)     0.4746 (0.4131) 
Guaranteed     0.1886 (0.1799)     
Secured       0.1875 (0.1476)   
Missing 13.6002* (5.9867) -1.7747*** (0.1359)   -0.3967 (0.2540) 0.1219 (0.3598) 
Covenant -13.9823 (7.6858)   -0.2146* (0.0882) 1.0953*** (0.1446) -0.6054 (0.3381) 
Lender_num -3.2634* (1.1920) 0.1038*** (0.0216) 0.0071 (0.0190) 0.0430 (0.0238)   
Pub_unrated -2.3848 (6.8450) 0.0332 (0.1010) -0.1407 (0.1034) 0.0301 (0.1256) -0.0402 (0.3014) 
Pub_rated -8.2764 (6.6067) 0.0405 (0.1373) 0.1577 (0.1327) -0.2277 (0.1940) 0.3179 (0.2054) 
Log (Sales) -7.3977* (2.6924) -0.1937*** (0.0414) -0.2703*** (0.0422) 0.1105** (0.0357) 0.1078 (0.1237) 
MB -0.1301*** (0.0265) 0.0015 (0.0029) -0.0006 (0.0022) -0.0014** (0.0005) -0.0023 (0.0053) 
ROA -2.7511*** (0.3248) 0.0048 (0.0027) -0.0459*** (0.0059) -0.0026 (0.0038) -0.0047 (0.0078) 
Leverage 1.0061*** (0.1042) -0.0029 (0.0017) 0.0149*** (0.0027) 0.0064*** (0.0014) -0.0003 (0.0041) 
GDP_PC 29.5473*** (6.2287) 0.9372*** (0.2150) 0.3438*** (0.0841) 0.8839*** (0.1298) 0.0094 (0.2985) 
Credit_Spread 26.4965*** (4.9958) -0.1610 (0.3000) 0.0933 (0.1633) -0.3294* (0.1560) -0.9971 (0.8672) 
Term_Spread 13.4920** (4.0776) -0.1738 (0.1417) 0.0380 (0.0524) 0.2216*** (0.0580) -0.1262 (0.1617) 
Location 1.8572 (4.8759) -0.0912 (0.1089) 0.0408 (0.1213) 0.0240 (0.1333)   
Fix effect: 

Loan type Yes Yes No No No 
Loan purpose Yes Yes No No No 
2-digit SIC Yes Yes Yes Yes Yes 

N 3,823 4,274 2,619 4,274 4,263 
Adj. (Pseudo) R-sq 0.5010 0.4232 0.2531 0.3205 0.5369 
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Table B3: Effects of physical distance on loan contract terms and syndication failures: Facilities with foreign lenders 
The dependent variable in column (1) is all-in-drawn spread. The dependent variable in column (2) is an indicator variable which takes the value 1 if a loan 
contract includes at least one financial covenant and 0 otherwise. The dependent variable in column (3) is an indicator variable which takes the value 1 if the 
loan has been secured and zero otherwise. The dependent variable in column (4) is an indicator variable which takes the value 1 if the contract requires 
guarantees and zero otherwise. In column (5), the dependent variable is an indicator variable which takes the value 1 if the loan failed and 0 otherwise. Only 
facilities with at least one foreign number are included in this analysis. Secured/Guaranteed takes the value 1 if a loan is secured or guaranteed. Missing is a 
missing value indicator which equals 1 if Secured/Guaranteed is missing and 0 otherwise. Definitions of the other variables are provided in Appendix B, 
Table B1. Distance is standardized throughout the sample. Estimates for the intercepts are not reported in this table. All regressions include loan type, loan 
purpose, and 2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are presented in parentheses. ***, **, and * denote statistical 
significance at the 0.1%, 1%, and 5%, respectively. 

 Loan spread 
(1) 

Covenant 
(2) 

Secured 
(3) 

Guaranteed 
(4) 

Failure 
(5) 

Distance -0.5539 (1.7834) -0.1604*** (0.0467) -0.0055 (0.0497) -0.0970 (0.0944) -0.0325 (0.1195) 
Log (Amt) -14.3074*** (1.6015) -0.1345*** (0.0388) -0.3237*** (0.0478) 0.0416 (0.0367) 0.1923 (0.0996) 
Maturity -0.2788* (0.1154) -0.0032 (0.0018) 0.0152*** (0.0021) -0.0072*** (0.0021) 0.0065* (0.0030) 
Secured/Guaranteed 62.8617*** (3.9781) -0.1181 (0.0870)     0.1717 (0.1756) 
Guaranteed     -0.0455 (0.1190)     
Secured       -0.0009 (0.1165)   
Missing 11.9394** (4.0893) -1.6441*** (0.1419)   -0.5153* (0.2090) -0.6331** (0.1963) 
Covenant -0.7128 (4.9334) 0.0452** (0.0145) -0.1872** (0.0715) 1.3665*** (0.2794) -0.7964*** (0.2184) 
Lender_num -0.6799* (0.3237) -0.0189 (0.1078) -0.0272** (0.0102) -0.0146 (0.0130)   
Pub_unrated 6.3894 (5.7656) -0.0284 (0.1203) -0.0979 (0.1058) -0.2594 (0.2089) 0.2757 (0.2658) 
Pub_rated 2.3779 (3.7648) -0.1300*** (0.0318) -0.1575 (0.0925) -0.2626 (0.1789) 0.3675 (0.3035) 
Log (Sales) -10.9876*** (1.6849) 0.0007 (0.0017) -0.2357*** (0.0673) 0.0161 (0.0535) 0.0390 (0.0349) 
MB -0.0204 (0.0804) 0.0036 (0.0023) 0.0006 (0.0012) 0.0011 (0.0013) 0.0031*** (0.0009) 
ROA -1.2953*** (0.2832) -0.0005 (0.0012) -0.0206* (0.0090) -0.0030 (0.0040) -0.0076 (0.0047) 
Leverage 0.6720*** (0.0962) 1.0395*** (0.2075) 0.0114*** (0.0029) -0.0050 (0.0033) -0.0012 (0.0022) 
GDP_PC 24.2665** (6.9139) -0.5462 (0.4519) 0.4926*** (0.1035) 1.0315*** (0.1371) 0.0129 (0.1553) 
Credit_Spread 52.4664** (14.1253) -0.2982 (0.1585) 0.2649 (0.2144) -0.0223 (0.2536) 0.6078** (0.2072) 
Term_Spread 13.6303* (5.8556) -0.0994 (0.0906) 0.0986 (0.0573) 0.2677** (0.0849) -0.1343 (0.1762) 
Location 4.3726 (5.1728) -1.6441*** (0.1419) -0.0092 (0.1221) -0.2041 (0.1841)   
Fix effect: 

Loan type Yes Yes No No No 
Loan purpose Yes Yes No No No 
2-digit SIC Yes Yes Yes Yes Yes 

N 4,782 5,285 2,905 5,285 4,224 
Adj. (Pseudo) R-sq 0.5798 0.4248 0.2990 0.4282 0.2968 
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Table B4: Effects of physical distance on loan contract terms and syndication failures: Big loans 
The dependent variable in column (1) is all-in-drawn spread. The dependent variable in column (2) is an indicator variable which takes the value 1 if a loan 
contract includes at least one financial covenant and 0 otherwise. The dependent variable in column (3) is an indicator variable which takes the value 1 if the 
loan has been secured and zero otherwise. The dependent variable in column (4) is an indicator variable which takes the value 1 if the contract requires 
guarantees and zero otherwise. In column (5), the dependent variable is an indicator variable which takes the value 1 if the loan failed and 0 otherwise. Only 
facilities with facility amount equal to or larger than sample median are included in this analysis. Secured/Guaranteed takes the value 1 if a loan is secured or 
guaranteed. Missing is a missing value indicator which equals 1 if Secured/Guaranteed is missing and 0 otherwise. Definitions of the other variables are 
provided in Appendix B, Table B1. Distance is standardized throughout the sample. Estimates for the intercepts are not reported in this table. All regressions 
include loan type, loan purpose, and 2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are presented in parentheses. ***, **, and * 
denote statistical significance at the 0.1%, 1%, and 5%, respectively. 

 Loan spread 
(1) 

Covenant 
(2) 

Secured 
(3) 

Guaranteed 
(4) 

Failure 
(5) 

Distance -1.4422 (1.9979) -0.1088*** (0.0311) 0.0667 (0.0543) -0.0858 (0.0665) -0.0071 (0.1216) 
Log (Amt) -20.6907*** (2.9711) -0.2473*** (0.0453) -0.2331*** (0.0637) -0.0588 (0.0565) 0.4317*** (0.1202) 
Maturity -0.4893*** (0.1010) 0.0005 (0.0014) 0.0073*** (0.0022) -0.0039 (0.0025) 0.0159*** (0.0036) 
Secured/Guaranteed 58.8881*** (4.5661) -0.1550* (0.0728)     0.5276* (0.2599) 
Guaranteed     0.1442 (0.1299)     
Secured       0.1367 (0.1377)   
Missing 14.0458* (4.9664) -1.6101*** (0.1156)   -0.5018 (0.2943) 0.5276* (0.2599) 
Covenant -12.1862* (5.4745)   -0.2384** (0.0830) 1.1737*** (0.2128) -0.3260* (0.1446) 
Lender_num -0.5198 (0.5259) 0.0532*** (0.0118) -0.0179 (0.0106) -0.0203 (0.0200)   
Pub_unrated 3.7690 (3.2682) 0.0104 (0.0834) -0.2232* (0.0993) -0.1284 (0.1824) -0.0321 (0.3303) 
Pub_rated 6.4561 (5.4597) 0.0787 (0.1272) 0.0552 (0.0973) -0.1282 (0.1274) 0.0461 (0.3206) 
Log (Sales) -11.9162*** (2.2766) 0.0124 (0.0491) -0.3235*** (0.0701) 0.1403 (0.0717) 0.0939 (0.0744) 
MB -0.1224*** (0.0293) 0.0052 (0.0035) -0.0004 (0.0010) -0.0040 (0.0053) 0.0011 (0.0006) 
ROA -1.3588*** (0.2555) 0.0021 (0.0018) -0.0209** (0.0076) -0.0007 (0.0038) -0.0083 (0.0057) 
Leverage 0.8273*** (0.1222) -0.0013 (0.0010) 0.0129*** (0.0029) 0.0008 (0.0020) -0.0001 (0.0038) 
GDP_PC 32.3359*** (54.0221) 1.0560*** (2.3876) 0.4847*** (0.6783) 0.9274*** (1.0385) -0.1013 (2.2041) 
Credit_Spread 23.4693* (8.5410) -0.3862 (0.4290) 0.0984 (0.0956) -0.2416 (0.2457) -1.5341 (1.0255) 
Term_Spread 13.0015** (4.1991) -0.3746* (0.1876) -0.0190 (0.0381) 0.2147*** (0.0560) -0.5663* (0.2510) 
Location 7.8228 (3.9638) -0.2045 (0.1046) 0.0681 (0.0702) 0.0468 (0.1405)   
Fix effect: 

Loan type Yes Yes No No No 
Loan purpose Yes Yes No No No 
2-digit SIC Yes Yes Yes Yes Yes 

N 4,303 4,555 3,185 4,086 3,628 
Adj. (Pseudo) R-sq 0.5092 0.4043 0.2345 0.3278 0.4085 
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Table B5: Effects of physical distance on loan contract terms and syndication failures: Small loans 
The dependent variable in column (1) is all-in-drawn spread. The dependent variable in column (2) is an indicator variable which takes the value 1 if a loan 
contract includes at least one financial covenant and 0 otherwise. The dependent variable in column (3) is an indicator variable which takes the value 1 if the 
loan has been secured and zero otherwise. The dependent variable in column (4) is an indicator variable which takes the value 1 if the contract requires 
guarantees and zero otherwise. In column (5), the dependent variable is an indicator variable which takes the value 1 if the loan failed and 0 otherwise. Only 
facilities with facility amount smaller than sample median are included in this analysis. Secured/Guaranteed takes the value 1 if a loan is secured or 
guaranteed. Missing is a missing value indicator which equals 1 if Secured/Guaranteed is missing and 0 otherwise. Definitions of the other variables are 
provided in Appendix B, Table B1. Distance is standardized throughout the sample. Estimates for the intercepts are not reported in this table. All regressions 
include loan type, loan purpose, and 2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are presented in parentheses. ***, **, and * 
denote statistical significance at the 0.1%, 1%, and 5%, respectively. 

 Loan spread 
(1) 

Covenant 
(2) 

Secured 
(3) 

Guaranteed 
(4) 

Failure 
(5) 

Distance -3.0203 (1.9309) -0.0421 (0.0427) 0.0431 (0.0545) -0.0853 (0.0543) -0.1667 (0.1203) 
Log (Amt) -20.1509*** (2.0173) 0.0055 (0.0330) -0.2895*** (0.0536) 0.0506 (0.0377) 0.2974*** (0.0863) 
Maturity -0.3403* (0.1399) -0.0038 (0.0022) 0.0137*** (0.0028) -0.0065* (0.0031) 0.0100*** (0.0023) 
Secured/Guaranteed 63.1141*** (4.1315) -0.1449 (0.0983)     0.4370 (0.2871) 
Guaranteed     0.0604 (0.1563)     
Secured       0.1404 (0.1389)   
Missing 10.8555* (4.1559) -1.6807*** (0.1513)   -0.4000 (0.2244) 0.0217 (0.4083) 
Covenant -3.4217 (7.9233)   -0.1817 (0.1152) 1.0604*** (0.1554) -0.4364 (0.2480) 
Lender_num -0.5820 (0.3835) 0.0356*** (0.0104) -0.0437*** (0.0085) 0.0263* (0.0126)   
Pub_unrated 2.2029 (6.5403) -0.0708 (0.0933) 0.0830 (0.1445) -0.0291 (0.1419) 0.0337 (0.1857) 
Pub_rated -5.3388 (5.4471) -0.1401 (0.1017) -0.0529 (0.1058) -0.2584** (0.0991) 0.4129 (0.2235) 
Log (Sales) -4.0421 (1.9845) -0.2016*** (0.0407) -0.1274* (0.0593) 0.0056 (0.0551) -0.0454 (0.0539) 
MB -0.0711 (0.0418) -0.0001 (0.0005) -0.0003 (0.0011) -0.0007 (0.0004) 0.0008 (0.0005) 
ROA -3.6654*** (0.2564) 0.0082** (0.0028) -0.0546*** (0.0067) -0.0041 (0.0045) -0.0115 (0.0089) 
Leverage 0.7695*** (0.0855) -0.0017 (0.0014) 0.0159*** (0.0030) 0.0060** (0.0020) -0.0025 (0.0018) 
GDP_PC 25.2598*** (61.4475) 0.8941*** (1.7132) 0.3091* (1.2559) 0.9485*** (1.3914) 0.1031 (1.4462) 
Credit_Spread 47.6353*** (7.6926) -0.2446 (0.2663) 0.2525 (0.1469) -0.2372 (0.1737) 0.3380 (0.1872) 
Term_Spread 12.5416* (5.1986) -0.1222 (0.1189) 0.1577* (0.0653) 0.2160** (0.0782) -0.0344 (0.1319) 
Location 0.1475 (4.8529) 0.0394 (0.0754) -0.1109 (0.1492) -0.1992 (0.1426)   
Fix effect: 

Loan type Yes Yes No No No
Loan purpose Yes Yes No No No
2-digit SIC Yes Yes Yes Yes Yes

N 4,302 4,928 2,305 4,586 3.737 
Adj. (Pseudo) R-sq 0.5828 0.4112 0.3458 0.3388 0.1983 
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Table B6: Distribution of loan failures 
This table presents the distribution of loan failures. Sample I is the sample used in the analysis 
for physical distance. Sample II is the sample used in the analysis for relational distance. Data 
are divided into nine groups according to syndicate size measured by lender numbers. The 
number of facilities (Obs) and failure cases (Failures) in each group are reported. Prop is 
Failures divided by Obs. 
 Sample I Sample II 

Lender number Obs Failures Prop (%) Obs Failures Prop (%)

2 12,364 88 0.71 15,955 120 0.75

3 6,844 56 0.82 10,802 104 0.96

4 3,896 21 0.54 7,287 37 0.51

5 2,503 12 0.48 5,527 26 0.47

6 1,652 2 0.12 4,449 14 0.31

7 1,104 3 0.27 3,256 6 0.18

8 821 14 1.71 2,653 15 0.57

9 542 6 1.11 2,184 14 0.64

10 and more 2,212 3 0.14 13,277 21 0.16

 

 

 

 

 

 

 

Table B7: t-test of paired sample of syndication failure and success. 
This table presents the t-test of matched sample of syndication failure and success. The means 
of the variables from sample of syndication success are reported in column (1). The means of 
the variables from sample of syndication failure are reported in column (2). Column (3) is the 
difference between column (1) and (2). Definitions of the variables are provided in Table B1 
of Appendix B. ***, **, and * denote statistical significance at the 0.1%, 1%, and 5%, 
respectively. 

 success

(1) 

failure

(2) (1)-(2)

Path 1.8209 1.3290 0.4919**

Clustering 0.8705 0.7971 0.0735**

Density 0.8282 0.8887 -0.0605**

Log(Amt) 19.5620 19.5757 -0.0137  

Maturity 62.2455 62.2455 0.0000  

Covenant 0.2232 0.2232 0.0000  

ROA 1.0750 -0.3256 1.4006  
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Table B8: Complete results of Table 2.6, Panel A 
This table presents the complete results of Table 2.6, Panel A. The dependent variable is 
all-in-drawn spread in all panels. P_Previous_Relation, C_Previous_Relation, and 
D_Previous_Relation are interactions between Previous_Relation and Path, Clustering, and 
Density, respectively. Secured/Guaranteed takes the value 1 if a loan is secured or guaranteed. 
Missing is a missing value indicator which equals 1 if Secured/Guaranteed is missing and 0 
otherwise. Definitions of the other variables are provided in Appendix B, Table B1. Estimates 
for the intercepts are not reported in this table. All regressions include loan type, loan purpose, 
and 2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are 
presented in parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, and 5%, 
respectively. 

 (1) (2) (3) 

Path 4.3131** (1.2442)     

Clustering   -41.3556*** (8.7480)   

Density     -54.7697*** (10.7821) 

Previous_Relation -5.1585 (4.1042) -0.9542 (9.1590) -16.2604 (7.8482) 

P_Previous_Relation -1.3678 (1.3015)    

C_Previous_Relation   -6.0565 (11.4687)   

D_Previous_Relation    11.9728 (10.0375) 

Log (Amt) -21.1372*** (1.4358) -19.0741*** (1.4871) -20.8668*** (1.4808) 

Maturity -0.0058 (0.0040) -0.0050 (0.0030) -0.0057 (0.0039) 

Secured/Guaranteed 59.2858*** (3.9322) 60.0239*** (4.1783) 57.9770*** (3.8248) 

Missing 8.3448* (3.2965) 8.5538* (3.4850) 8.7447* (3.2453) 

Covenant -11.8383** (3.4132) -8.3260* (3.5993) -12.9149** (3.5654) 

Lender_num -0.7613* (0.2654) -0.2242 (0.1815) -0.5118* (0.2025) 

Pub_unrated -1.9168 (2.8368) -1.4071 (2.2636) -2.1408 (2.8799) 

Pub_rated -2.5393 (3.8803) -3.7874 (3.2491) -2.5084 (3.8958) 

Log (Sales) -6.3450*** (1.4478) -4.9325** (1.4430) -5.9766*** (1.3919) 

MB -0.0017*** (0.0004) -0.0014** (0.0005) -0.0017*** (0.0004) 

ROA -2.2352*** (0.2992) -2.0191*** (0.2819) -2.2003*** (0.3131) 

Leverage 0.6983*** (0.0862) 0.6422*** (0.0804) 0.6888*** (0.0842) 

GDP_PC 15.9593* (6.3303) 13.0220 (6.8587) 18.1706* (6.4044) 

Credit_Spread 56.4903*** (10.4361) 57.9523*** (12.8531) 55.9733*** (10.7863) 

Term_Spread 21.2656** (6.8812) 20.0082* (7.3447) 20.6068* (6.9933) 

Location -2.6272 (2.5516) -4.8739 (2.4428) -2.4836 (2.5482) 

Fix effect: 

Loan type Yes Yes Yes 

Loan purpose Yes Yes Yes 

2-digit SIC Yes Yes Yes 

N 20,170 17,342 20,170 

Adj. R-sq 0.5388 0.5611 0.5435 
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Table B9: Complete results of Table 2.6, Panel B 
This table presents the complete results of Table 2.6, Panel B. The dependent variable is 
all-in-drawn spread in all panels. P_Investment_Grade, C_Investment_Grade, and 
D_Investment_Grade are interactions between Investment_Grade and Path, Clustering, and 
Density, respectively. Secured/Guaranteed takes the value 1 if a loan is secured or guaranteed. 
Missing is a missing value indicator which equals 1 if Secured/Guaranteed is missing and 0 
otherwise. Definitions of the other variables are provided in Appendix B, Table B1. Estimates 
for the intercepts are not reported in this table. All regressions include loan type, loan purpose, 
and 2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are 
presented in parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, and 5%, 
respectively. 

 (1) (2) (3) 

Path 3.1386*** (0.7530)     

Clustering   -46.9178*** (8.8689)   

Density     -49.1490*** (9.0554) 

Investment_Grade -41.2863*** (4.4285) -43.6701** (14.6073) -49.7238*** (10.1636) 

P_Investment_Grade 1.2634 (0.8460)    

C_Investment_Grade   4.8189 (13.5304)   

D_Investment_Grade    12.1345 (8.3259) 

Log (Amt) -20.5322*** (1.3846) -17.6027*** (1.2563) -20.0926*** (1.3325) 

Maturity -0.5456** (0.1350) -0.5390*** (0.1242) -0.5352** (0.1361) 

Secured/Guaranteed 55.0322*** (4.2397) 54.2632*** (4.8996) 53.4929*** (4.2422) 

Missing 6.7536* (3.1346) 6.4632 (3.1849) 6.7421 (3.1522) 

Covenant -12.0778** (3.6034) -9.1752* (3.6782) -12.8142** (3.7019) 

Lender_num -0.5415* (0.2287) -0.1027 (0.1691) -0.3831 (0.1974) 

Pub_unrated -1.9843 (2.3761) -2.6935 (1.5702) -2.4693 (2.3347) 

Pub_rated 7.4613 (3.6705) 5.9000 (3.3057) 7.4088 (3.6651) 

Log (Sales) -4.2593* (1.4600) -3.4631* (1.4105) -3.8278* (1.4360) 

MB -0.0048 (0.0507) 0.0425 (0.0465) -0.0029 (0.0512) 

ROA -2.2069*** (0.2313) -2.0524*** (0.2206) -2.1778*** (0.2471) 

Leverage 0.6453*** (0.0917) 0.5839*** (0.0886) 0.6349*** (0.0899) 

GDP_PC 12.2534* (4.8726) 7.7676 (4.9547) 14.0787* (4.8918) 

Credit_Spread 58.7377*** (5.2513) 63.8297*** (8.0266) 58.3370*** (5.6931) 

Term_Spread 13.3311* (5.2087) 10.8083* (5.0023) 12.6991* (5.2481) 

Location -1.1940 (2.3444) -2.0679 (2.4396) -1.0124 (2.3761) 

Fix effect: 

Loan type Yes Yes Yes 

Loan purpose Yes Yes Yes 

2-digit SIC Yes Yes Yes 

N 17,107 14,669 17,107 

Adj. R-sq 0.5561 0.5856 0.5609 
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Table B10: Complete results of Table 2.6, Panel C 
This table presents the complete results of Table 2.6, Panel C. The dependent variable is 
all-in-drawn spread in all panels. P_Covenant_Violation, C_Covenant_Violation, and 
D_Covenant_Violation are interactions between Covenant_Violation and Path, Clustering, 
and Density, respectively. Secured/Guaranteed takes the value 1 if a loan is secured or 
guaranteed. Missing is a missing value indicator which equals 1 if Secured/Guaranteed is 
missing and 0 otherwise. Definitions of the other variables are provided in Appendix B, Table 
B1. Estimates for the intercepts are not reported in this table. All regressions include loan type, 
loan purpose, and 2-digit SIC fixed effects. Robust standard errors allowing for clustering by 
year are presented in parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, 
and 5%, respectively. 

 (1) (2) (3) 

Path 4.4761** (1.4665)     

Clustering   -35.0436* (12.3289)   

Density     -39.0086* (13.2394) 

Covenant_Violation 23.4100*** (2.7215) 26.9637** (8.0773) 46.0926*** (9.6531) 

P_Covenant_Violation 1.2044 (1.2861)    

C_Covenant_Violation   -8.0228 (9.6935)   

D_Covenant_Violation    -26.9496* (12.0530) 

Log (Amt) -20.0596*** (2.0782) -19.2278*** (1.7764) -20.1235*** (2.0316) 

Maturity -0.9635*** (0.1934) -0.8819*** (0.1796) -0.9500*** (0.1956) 

Secured/Guaranteed 67.4459*** (5.4620) 69.8604*** (5.5523) 66.5506*** (5.3898) 

Missing 25.5554*** (5.2443) 29.5174*** (4.4348) 25.8698*** (5.1084) 

Covenant -12.3530* (5.3188) -6.3780 (3.9805) -13.9379* (5.3049) 

Lender_num -1.4699* (0.4995) -0.3252 (0.2553) -0.8972* (0.3397) 

Pub_unrated 2.8631 (6.5823) 8.4315 (4.2798) 3.7515 (6.2813) 

Pub_rated 10.9163 (6.8213) 13.1736* (5.6840) 11.4272 (6.6313) 

Log (Sales) -5.8152 (2.7269) -3.7828 (2.2199) -5.1458 (2.5752) 

MB 0.0147 (0.0636) 0.0491 (0.0600) 0.0195 (0.0699) 

ROA -1.7708** (0.4774) -1.7260** (0.4612) -1.7367** (0.5018) 

Leverage 0.8830*** (0.0947) 0.7227*** (0.1079) 0.8651*** (0.0925) 

GDP_PC 23.0087** (6.2877) 13.9483* (5.8235) 24.6190** (6.5949) 

Credit_Spread 51.0797*** (11.4552) 51.4561** (14.2765) 50.8042** (12.1406) 

Term_Spread 16.1486** (4.7822) 14.6420* (5.3815) 15.4050** (4.8980) 

Location 5.6840 (5.3965) -2.5256 (4.1455) 5.8481 (5.0592) 

Fix effect: 

Loan type Yes Yes Yes 

Loan purpose Yes Yes Yes 

2-digit SIC Yes Yes Yes 

N 7,244 5,902 7,244 

Adj. R-sq 0.4703 0.4974 0.4747 
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Table B11: Complete results of Table 2.6, Panel D 
This table presents the complete results of Table 2.6, Panel D. The dependent variable is 
all-in-drawn spread in all panels. P_Foreign_Lender, C_Foreign_Lender, and 
D_Foreign_Lender are interactions between Foreign_Lender and Path, Clustering, and 
Density, respectively. Secured/Guaranteed takes the value 1 if a loan is secured or guaranteed. 
Missing is a missing value indicator which equals 1 if Secured/Guaranteed is missing and 0 
otherwise. Definitions of the other variables are provided in Appendix B, Table B1. Estimates 
for the intercepts are not reported in this table. All regressions include loan type, loan purpose, 
and 2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are 
presented in parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, and 5%, 
respectively. 

 (1) (2) (3) 

Path 7.8838** (2.6224)     

Clustering   -41.8129*** (6.4784)   

Density     -54.7658*** (10.9528) 

Foreign_Lender -1.0971 (4.0324) 0.5974 (9.7382) -16.0555 (8.3753) 

P_Foreign_Lender -5.1485 (2.6087)    

C_Foreign_Lender   -4.1282 (10.6922)   

D_Foreign_Lender    8.0208 (7.9902) 

Log (Amt) -20.9967*** (1.5064) -19.0194*** (1.5374) -20.5001*** (1.4906) 

Maturity -0.0056 (0.0038) -0.0048 (0.0030) -0.0054 (0.0037) 

Secured/Guaranteed 59.1693*** (3.9937) 59.9559*** (4.2505) 57.9062*** (3.9422) 

Missing 8.2731* (3.3303) 8.3787* (3.5805) 8.6224* (3.3089) 

Covenant -12.0754** (3.5183) -8.4355* (3.7207) -12.9075** (3.6753) 

Lender_num -0.6026* (0.2587) -0.2065 (0.1749) -0.4049 (0.2021) 

Pub_unrated -2.6123 (2.8686) -1.6901 (2.2818) -2.7795 (2.9269) 

Pub_rated -3.2357 (3.7440) -4.3118 (3.0291) -2.9795 (3.7845) 

Log (Sales) -6.1990*** (1.4077) -4.9635** (1.4381) -5.7676*** (1.3628) 

MB -0.0016*** (0.0003) -0.0013* (0.0005) -0.0016*** (0.0004) 

ROA -2.2318*** (0.2979) -2.0233*** (0.2800) -2.1960*** (0.3131) 

Leverage 0.7009*** (0.0844) 0.6420*** (0.0788) 0.6940*** (0.0832) 

GDP_PC 16.8746* (6.7997) 13.8314 (7.4573) 18.7267* (6.8861) 

Credit_Spread 56.8397*** (10.6679) 58.4761*** (13.0152) 56.1629*** (10.9779) 

Term_Spread 21.0421** (7.0088) 19.8051* (7.4271) 20.4118* (7.0929) 

Location -2.8508 (2.5023) -5.0244 (2.4492) -2.7852 (2.5194) 

Fix effect: 

Loan type Yes Yes Yes 

Loan purpose Yes Yes Yes 

2-digit SIC Yes Yes Yes 

N 20,170 17,342 20,170 

Adj. R-sq 0.5395 0.5606 0.5437 
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Table B12: The first-stage results of instrumental regression 
This table reports the complete first-stage results of two-stage instrumental variable 
regressions. The dependent variables in column (1), (2), and (3) are Path, Clustering, and 
Density, respectively. Inactive_num is the instrumental variable and defined as the number of 
nonlead-bank members who had not joined any loan syndicate in the previous three years. 
Definitions of the other variables are provided in Appendix B, Table B1. Estimates for the 
intercepts are not reported in this table. All regressions include loan type, loan purpose, and 
2-digit SIC fixed effects. Robust standard errors allowing for clustering by year are presented 
in parentheses. ***, **, and * denote statistical significance at the 0.1%, 1%, and 5%, 
respectively. 

 Path 

(1) 

Clustering 

(2) 

Deinsit 

(3) 

Inactive_num 1.7285*** (0.0971) -0.0299*** (0.0033) -0.0547*** (0.0073) 

Log (Amt) -0.0658** (0.0201) 0.0247*** (0.0017) 0.0201*** (0.0031) 

Maturity -0.0000 (0.0000) 0.0000 (0.0000) 0.0000 (0.0000) 

Secured/Guaranteed 0.1322*** (0.0287) -0.0291*** (0.0050) -0.0449*** (0.0067) 

Missing 0.0729** (0.0238) -0.0088* (0.0037) -0.0035 (0.0061) 

Covenant -0.0162 (0.0433) -0.0107 (0.0061) -0.0184* (0.0081) 

Lender_num 0.0395*** (0.0087) -0.0005 (0.0006) -0.0025** (0.0007) 

Pub_unrated -0.0150 (0.0330) 0.0013 (0.0066) -0.0033 (0.0109) 

Pub_rated -0.0319 (0.0324) 0.0087 (0.0067) 0.0065 (0.0118) 

Log (Sales) -0.0357** (0.0088) 0.0058* (0.0020) 0.0139*** (0.0019) 

MB -0.0000 (0.0000) 0.0000 (0.0000) 0.0000 (0.0000) 

ROA 0.0003 (0.0010) 0.0007* (0.0003) 0.0007 (0.0005) 

Leverage -0.0002 (0.0006) -0.0001 (0.0001) -0.0001 (0.0001) 

GDP_PC -0.0795 (0.0288) 0.0462*** (0.0052) 0.0488*** (0.0061) 

Credit_Spread 0.0473 (0.0395) -0.0281* (0.0105) -0.0229 (0.0175) 

Term_Spread 0.0403 (0.0203) -0.0077* (0.0030) -0.0130* (0.0054) 

Location -0.0568 (0.0394) 0.0054 (0.0047) 0.0137* (0.0061) 

Fix effect: 

Loan type Yes Yes Yes 

Loan purpose Yes Yes Yes 

2-digit SIC Yes Yes Yes 

N 21,567 18,318 20,170 

Adj. R-sq 0.8173 0.1658 0.2023 
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Table B3: The second-stage results of instrument regression 
This table reports the complete second-stage results of two-stage instrumental variable 
regressions. The dependent variable is all-in-drawn spread. Path, Clustering, and Density are 
predicted value from the first-stage results. Definitions of the other variables are provided in 
Appendix B, Table B1. Estimates for the intercepts are not reported in this table. All 
regressions include loan type, loan purpose, and 2-digit SIC fixed effects. Robust standard 
errors allowing for clustering by year are presented in parentheses. ***, **, and * denote 
statistical significance at the 0.1%, 1%, and 5%, respectively. 

 (1) (2) (3) 

Path 3.6828*** (0.9323)     

Clustering   -167.2799** (55.9041)   

Density    -116.8941** (39.5805) 

Log (Amt) -21.2379*** (1.2984) -15.5168*** (2.0707) -19.1369*** (1.6001) 

Maturity -0.0057 (0.0038) -0.0049 (0.0027) -0.0055 (0.0036) 

Secured/Guaranteed 59.3092*** (3.8718) 55.9231*** (4.7761) 54.4923*** (4.4620) 

Missing 8.1634* (3.2634) 7.0159* (3.5732) 7.9926* (3.2980) 

Covenant -11.8867*** (3.3025) -9.6229* (3.9427) -14.0718*** (3.7120) 

Lender_num -0.8115* (0.3175) -0.5627 (0.3269) -0.9615* (0.3755) 

Pub_unrated -1.9232 (2.7173) -1.2167 (2.2848) -2.3196 (2.9898) 

Pub_rated -3.1152 (3.6203) -3.0504 (3.0405) -2.4181 (3.7383) 

Log (Sales) -6.4674*** (1.3762) -4.1634** (1.5077) -4.9913*** (1.4016) 

MB -0.0016*** (0.0003) -0.0012** (0.0004) -0.0015*** (0.0004) 

ROA -2.2444*** (0.2849) -1.9427*** (0.2792) -2.1608*** (0.3173) 

Leverage 0.6968*** (0.0833) 0.6350*** (0.0762) 0.6795*** (0.0754) 

GDP_PC 16.9258** (6.4750) 19.6168** (7.3281) 22.3354** (6.7895) 

Credit_Spread 57.0335*** (10.1880) 54.4742*** (13.0681) 54.5201*** (11.0432) 

Term_Spread 21.0311** (6.7197) 19.1623** (7.1963) 19.6803** (6.9266) 

Location -2.6542 (2.4957) -3.9618 (2.2288) -1.2420 (2.5884) 

Fix effect: 

Loan type Yes Yes Yes 

Loan purpose Yes Yes Yes 

2-digit SIC Yes Yes Yes 

N 20,170 17,342 20,170 

Adj. R-sq 0.5380 0.5249 0.5311 
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Chapter III 

The Relationships between Futures Returns, Futures Volume, 

and Spot Returns: Evidence from Taiwan Futures Market 

 

 

1. Introduction 

Hayek (1945) proposed that prices function as a form of information aggregation. 

From this point of view, futures and spot markets reflect the same fundamental 

information. If markets are frictionless and complete, both futures and spot prices 

should react to new information at the same speed. In other words, price changes in 

the two markets should only occur as a contemporaneous relationship, and not a 

lead-lag relationship. 

According to carry-cost theory, in an efficient and frictionless market with no 

transaction costs, contemporaneous price changes in the futures and spot markets will 

be perfectly correlated. However, transaction costs (such as fees and taxes), trading 

limitations (such as limitations on short sales), or the transaction characteristics of the 

asset itself (such as the leverage effect) may cause one market to react faster to 

information than the other. 

The lead-lag relationship among different markets has been and continues to be a 

topic of widespread interest. In general, the exploration of lead-lag relationship helps 

us to understand what direction the information flow is, the role of price discovery 

among different markets, and where the informed traders choose to trade. 

In much of the related research, futures price changes are found to consistently 

lead spot price changes, that is, changes in futures prices have predictive power for 

future movements in the spot prices [e.g., French (1986), Kawaller et al. (1987), De 
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Jong and Nijman (1997), De Jong and Donders (1998) , and Pati and Rajib (2011)]. A 

number of other studies have found evidence of a (asymmetric) feedback relationship 

between price changes in the two markets [e.g., Stoll and Whaley (1990), Chan (1992), 

Kawaller et al. (1993), Chu et al. (1999), and In and Kim (2006)]. Yang et al. (2012) 

found just the opposite. They investigated the information content in returns and 

volatilities between the stock index futures and its spot markets in China and found 

that the spot market plays a more dominant role in the price discovery process. One 

possible explanation they suggested is that high barriers to entry in the futures market 

may exclude many informed traders and lead to weakened ability of price discovery. 

Except for Yang et al. (2012), most of the above studies tend to agree that price 

changes in futures markets are more informative than spot markets’ price changes. 

Those results imply that informed traders may prefer to trade in futures markets rather 

than spot markets. If informed traders do actually choose to trade in futures markets, 

we should not only observe that futures price changes lead the changes in spot prices, 

but also find evidence that futures trading activity lead the spot price changes. That is, 

both futures price changes and trading activity can be used as a predictor of 

forthcoming movements in spot prices. However, the past literature has not 

simultaneously tested the relationships between the futures trading activity, and 

futures and spot price changes. 

Some studies have focused on the relationship between the trading activity and 

price movements within the futures market. For example, Chou and Wang (2009) 

investigated the order placement strategies of different types of traders in Taiwan 

Futures market and found that foreign institutional traders and futures proprietary 

firms are more likely to split their orders and seem to be better informed. Lin et al. 

(2008) explored the interaction between the trading flows of different type of traders 

and the futures returns using Taiwan futures trading data, and their results showed that 
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while individual traders are contrarians, institutional traders are positive feedback 

traders. However, these studies do not analyse the interaction between futures trading 

activity and spot price changes. 

In a recent study, Roll et al. (2011) empirically analysed the joint time-series of 

volumes on the S&P 500 index and its four contingent claims, the options, the 

traditional futures, the E-mini futures, and the ETF. They found that the contingent 

claims volume leads the volume on spot index and predicts the spot returns and 

volatility around major macroeconomic announcements. However, their analysis is 

based on total volume and did not distinguish between good news and bad news 

trades. In this case, the volume series will make no directional prediction on the 

movements of spot prices. 

The purpose of this paper is to study the informational role of the futures trading 

activity. Based on the Taiwan Stock Exchange Capitalization Weighted Stock Index 

futures (TX) and its corresponding stock index, the Taiwan Stock Exchange 

Capitalization Weighted Stock Index (TAIEX), I simultaneously examine the lead-lag 

relationships between the futures trading activity, futures returns, and spot returns. My 

aims are to better understand whether informed traders do choose to trade in the 

futures market and to determine which type(s) of traders tend to be informed traders. 

To achieve these aims, it is important to analyse the relationships between the futures 

trading activity, futures returns, and spot returns at the same time. Only considering 

the relation between the two market returns, we cannot determine who tend to be 

informed traders. Simply examining the relation between the futures trading activity 

and futures returns, it is hard to conclude that informed traders do choose futures 

market to trade in first. 

Although little research has examined the relationship between spot price changes 

and futures trading activity, a number of studies have investigated similar 
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relationships in options markets [e.g., Easley et al. (1998) (hereafter EOS), Chan et al. 

(2002) (hereafter CCF), Pan and Poteshman (2006), Chen et al. (2005), Chan et al. 

(2009), and Chang et al. (2009)]. Accordingly, even though my analyses focus on the 

futures market, I occasionally refer to these studies of options markets. 

This paper makes three distinct contributions to the field. First, as mentioned 

above, this paper simultaneously explores the information content of the futures price 

changes and trading activity for future movements of the spot price. As few studies 

have been conducted in this area, the relationship between futures trading activity and 

spot price changes remains unclear. 

Second, there exist many studies which tend to support that institutional investors 

may be informed traders [e.g., Sias and Starks (1997) and Chakravarty (2001) for 

equity markets, Han et al. (2010) and Chang et al. (2009) for options markets, Lin et 

al. (2007) for IPOs]. Furthermore, some of the studies show that foreign institutional 

investors possess more information, yet some papers find that domestic institutional 

investors tend to be better informed [Chen et al. (2009)]. According to these 

literatures, we also divide the futures traders into four classes－foreign institutional 

traders, futures dealers, domestic institutional traders, and individual traders－and 

explore whether these different classes of traders have access to different information. 

Our study adds evidence that foreign institutional traders seem to be better informed 

about both spots and futures price movements. 

Third, numerous studies on trading activity directly use the total trading volume 

[e.g., Roll et al. (2011), Sadath and Kamaiah (2009), Anthony (1988), Stephan and 

Whaley (1990)] or distinguish between buyer-initiated and seller-initiated trades [e.g., 

Easley et al. (1998), Chan et al. (2002). However, EOS indicated that the former 

approach does not distinguish good information from bad one, and Pan and 

Poteshman (2006) argued that the signal quality of the latter approach is inferior to 
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when trading is divided into the opening and closing trades because buyer-initiated 

and seller-initiated are derived from the Lee-Ready Algorithm using public and 

observable trading data, which inevitably contains errors of classification. Therefore, 

this paper uses net open buy (open-buy volume minus open-sell volume), which is 

non-public information and can better capture the informed trades, as a proxy for 

futures trading activity. 

Two main results are reported in this paper. First, while the futures returns have 

predictive power in relation to the spot returns, the overall (unclassified) futures 

trading activity contains no directionally predictive power for the spot returns, even if 

the analysis is based on private trading information (net open buy). Second, the 

futures trading activities of different trader types contain different information 

regarding the spot and futures returns. Foreign institutional traders are the only class 

with directionally predictive power for the spot and futures returns. The trades of 

futures dealers, domestic institutional traders, and individual traders all lag behind the 

spot and futures returns. 

The remainder of this paper is organized as follows. Section 2 illustrates the 

empirical specifications of the study. Section 3 describes the characteristics and 

sources of the data used. Section 4 outlines the main empirical findings. Section 5 

offers concluding remarks. 

2. Empirical Specifications 

Two empirical models are used to explore the lead-lag relationship between the 

futures price changes, futures net open buy, and spot price changes. First, drawing on 

Stephan and Whaley (1990), Stoll and Whaley (1990), and Chan (1992), the following 
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multiple time series model is adopted:1 

3 3

, 0 , ,
3 3

                                                          (1)s t i f t i i f t i t
i i

R R NB e     
 

      

where ,s tR  is the spot return at time t, ,f tR  is the futures return at time t, ,f tNB

represents the futures’ net open buy at time t. Motivated by Wang (2004) Pan and 

Poteshman (2006) I use net open buy, defined as open-buy volume minus open-sell 

volume, as a proxy for futures trading activity. Wang (2004) used net positions (long 

open interest less short open interest) as a proxy for futures trading activity and 

transformed it into a sentiment index to test the relationship between the sentiment 

measure and returns in the foreign exchange futures markets. He found that speculator 

sentiment is positively correlated with future returns, whereas hedger sentiment is 

negatively related to future returns. 

My work is focused on information content of futures trading, which is a flow 

concept. Net position, a stock measure, cannot be used directly. To modify Wang’s 

proxy, the most intuitive way is to use the change in net position (which is equal to 

net buy volume). However, the aggregate net buy in futures market is zero. Even if we 

divide the traders into several classes so that the aggregate net buy within each class is 

not equal to zero, their correlations will be pretty high. To deal with this problem, we 

follow Pan and Poteshman (2006) to classify the transactions into four types: open 

buy, open sell, close buy, and close sell. Instead of using net buy volume, we 

introduce net open-buy volume to resolve the zero-sum issue and to mitigate the 

collinearity problem.2 Using net open buy helps to more effectively capture informed 

                                                           
1 The lag length 3 is selected according to the Bayesian information criterion (BIC) in equation (1) and 

in the VAR models. 

2 Following Pan and Poteshman (2006) and Chang et al. (2009), my analyses focus on opening trades. 
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trades in the futures market because it is private information. I also further divide the 

overall market into the following four classes: foreign institutional traders, futures 

dealers, domestic institutional traders, and individual traders. 

According to equation (1), if the futures price changes lead the spot price changes, 

this indicates that at least one of  is significantly greater than 0. 

Otherwise, if the spot price changes lead the futures price changes, then at least one of 

 is significantly greater than 0. Similarly, if the futures trading activity lead 

the spot price changes, then it means one or more of  is significantly 

greater than 0. Otherwise, if the spot price changes lead the future trading activity, 

then one or more of  is significantly greater than 0. 

 Second, a reduced-form VAR is proposed. The model can be used as robust 

checks. Also, when the futures traders are divided into four classes, equation (1) 

cannot show the lead-lag relationships between the four trader classes. Therefore, a 

reduced-form VAR model is chosen as a second model:   

3 3 3

, 1 1, , 1, , 1, , 1  1 1 1

3 3 3
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The reduced form VAR model clearly shows the lead-lag relationships between 

the variables, and can be easily used to conduct causality tests. It is capable of rapidly 

deciding the information content of variables. 

According to the VAR model, if the futures price changes lead the spot price 

changes, it indicates at least one of 1, 1 1, 2 1, 3,  ,        is significantly greater than 0. 

Otherwise, if the spot price changes lead the futures price changes, then it means at 

least one of 2, 1 2, 2 2, 3,  ,        is significantly greater than 0. If the futures trading 

1 2 3,  ,      

1 2 3,  ,    

1 2 3,  ,      

1 2 3,  ,    
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activity lead the spot price changes, this indicates that at least one of 1, 1 1, 2 1, 3,  ,        

is significantly greater than 0. Otherwise, if the spot price changes lead the future 

trading activity, then it means at least one of 3, 1 3, 2 3, 3,  ,        is significantly greater 

than 0. In addition, the VAR model can also detect the relationship between the 

futures price changes and futures trading activity. If the futures price changes lead the 

futures trading activity, then one or more of 3, 1 3, 2 3, 3,  ,        is significantly greater 

than 0. Otherwise, if the futures trading activity lead the future price changes, then 

one or more of 2, 1 2, 2 2, 3,  ,        is significantly greater than 0. 

Equations (1) to (4) can be extended to the trading activities of the four different 

classes of traders in the futures market (see latter equation (5) to equation (12)). This 

is done to understand whether the futures trading activities of the different classes of 

traders are informative of the spot price and/or the futures price changes. 

3. Data and Preliminary Analysis 

3.1 Data 

This study focuses on the lead-lag relationships between the TX price changes, 

TX net open buy, and TAIEX Index changes and examines whether the different 

classes of traders have access to different information. The sample period is from 

April, 2004 to July, 2008. The Taiwan Futures Exchange (TAIFEX) and Taiwan Stock 

Exchange (TWSE) both employ an electronic automated trading system, rather than 

the market maker’s quoting mechanism. The TX’s price and trading information, 

which is in the form of tick-by-tick data, is supplied by the TAIFEX. It includes 

trading date, trading time, type of contract, trading price, trading volume, trading 

classification (buy or sell), opening/closing trading mark, trader identity code, etc. 

The TAIEX information is contained in the Taiwan Economic Journal (TEJ), which 
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records the index level per minute in a trading day. 

Within the sample period, the nearby contract is the most active contract, which is 

approximately 89.75% of the total TX trading volume (number of contracts). Hence, 

only nearby contracts are used. In addition, the futures returns, spot returns, and 

futures net open buy are calculated at an interval of 30 minutes.3 Net open buy is 

defined as the number of open buy contracts minus the number of open sell contracts. 

While trading time on the TWSE begins at 9:00 a.m. and ends at 1:30 p.m., the 

TAIFEX trades between 8:45 a.m. and 1:45 p.m. Thus, this study only considers the 

price changes and trading activity during the period from 9:00 a.m. to 1:30 p.m. A 

total of 9,684 time series observations can be gathered during the period. In the formal 

analysis, the net open buy of each trader class is standardized in advance, to facilitate 

the expression of the regression coefficient and to enable comparisons between the 

trader classes. 

3.2 Preliminary Analysis 

Table 3.1 shows the summary data of the nearby TX transactions for the various 

types of trades and classes of traders. Panel A shows that open buy constitutes 27.71% 

of the total trading volume during the sample period, while open sell makes up 

another 25.36%, for a combined 53.07%. These trading data are used in later analysis. 

The rest of the trading volume is made up of close buy and close sell, which constitute 

22.28% and 24.65% of the total, respectively. For the various classes of traders, the 

market shares (in terms of trading volume) for foreign institutional traders, futures 

                                                           
3 In most cases, researchers do not divide traders by class, and use 5 minutes as the data frequency (e.g. 

EOS; CCF; Stephan & Whaley, 1990). On the other hand, when traders are categorized by class, the 

data frequency is daily (e.g. Pan & Poteshman, 2006; Chang et al., 2009). Based on the thin trading 

situation of each trader class and with reasonable amounts of missing value, this article uses 30 minutes 

as the data frequency for the empirical analysis. 
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dealers, domestic institutional traders, and individual traders, are 7.48%, 18.84%, 

2.8%, and 70.88%, respectively. So, individual traders and futures dealers are the 

major players in the Taiwan Index Futures Market. These two classes of traders 

account for 89.29% of the total market trading volume. If only opening trades (i.e. 

open buy and open sell) are considered, the market shares for foreign institutional 

traders, futures dealers, domestic institutional traders, and individual traders are 

4.12%, 9.13%, 1.31%, and 38.51%, respectively. 

[Insert Table 3.1] 

 Panel B lists the number of nearby TX trading contracts for each trader class at 

every 30-minute interval. The average 30-minute trading volume of the overall market 

is 7,131 contracts. Open buy and open sell are 1,990 and 1,842 contracts, respectively. 

The average open buy for foreign institutional traders is 133 contracts, 335 contracts 

for futures dealers, 31 contracts for domestic institutional traders, and 1,492 contracts 

for individual traders. Similarly, the average open sell for foreign institutional traders 

is 154 contracts, 311 contracts for futures dealers, 63 contracts for domestic 

institutional traders, and 1,314 contracts for individual traders. In sum, the most active 

trader class on the TX contracts is the individual traders, and followed by the futures 

dealers. As foreign and domestic institutional traders are the least frequent traders. 

Panel C lists the average trading frequency of each trader class for every 30 

minutes. The overall trading frequency of the market reaches a total of approximately 

3,596 trades, of which 1,019 are open buy transactions, and 899 are open sell 

transactions. The rest are close buy and close sell trades. According to Panel B and C 

of Table 3.1, the most active trader class on the Taiwan Index Futures Market is the 

individual traders, and followed by the futures dealers. As foreign and domestic 

institutional traders are the least frequent traders, they could easily give rise to the thin 
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trading problem.4 

In sum, foreign and domestic institutional traders trade more in open sell and 

close buy than in open buy and close sell. This implies these two classes of traders 

tend to conduct more short-sale related transactions. The possible cause may be due to 

hedging demand, or because of the restrictions on short selling on the spot market. 

When private or public bad news exists in the market, foreign and domestic 

institutional traders can only choose to trade on the futures market. Conversely, 

individual traders and futures dealers trade more in open buy and close sell than in 

open sell and close buy. This may be due to an awareness of transaction costs and 

leverage effects, which lead individual traders and futures dealers to choose to trade 

on the futures market rather than the spot market. 

Table 3.2 lists the autocorrelations of the spot index returns and the index futures 

returns. The problems relating to spot index non-synchronous trading and thin trading 

on the futures market can be effectively mitigated using the 30-minute time interval. 

The results from Table 3.2 show that the autocorrelations of the spot index returns and 

the index futures returns are maintained at a reasonable small value, and are mostly 

positive, which indicates that the bid-ask bounce effect is not a problem. After lag one, 

the autocorrelations of the spot index returns are mostly greater than those of the 

index futures returns. For example, the lag-one to lag-three serial correlations of the 

                                                           
4 I calculate the proportion of no transactions in every 30 minutes in the sample period for each trader 

class. The results show that the proportions for futures dealers and individual traders are both 0, and the 

proportions for foreign institutional traders and domestic institutional traders are 0.65% and 0.09%, 

respectively. Though, on average, foreign institutional traders’ trading volume and trading frequency 

both outweigh the domestic institutional traders, the no trade proportion is relatively higher. This is 

because the foreign institutional traders’ trading time is more clustered compared with domestic 

institutional traders. 
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spot index returns are 0.041, 0.023, and 0.024, respectively. And the corresponding 

figures are 0.069, 0.019, and 0.007 for the index futures returns. This may be due to 

the fact the TAIEX covers almost all listed stocks, including a small number of very 

infrequently trading stocks. When these stocks respond to information at different 

speeds, the index returns of the current period also partially reflect information from 

the previous period, which induces some degree of positive correlation. Fortunately, 

because these stocks usually have a relatively small market value and weight very low 

in the TAIEX, their influence is relatively limited. Accordingly, the autocorrelations 

generated can be maintained at a reasonable low level. 

[Insert Table 3.2] 

Finally, the augmented Dickey-Fuller unit root test is used to examine the 

stationarity of the seven time series, the TX returns, TAIEX returns, overall net open 

buy, and net open buys of foreign institutional traders, futures dealers, domestic 

institutional traders, and individual traders. The results are reported in Appendix A, 

Table A1. All of the tests reject the existence of a unit root. That is, all the time series I 

use are stationary, and it is unlikely to incur spurious regression results in my later 

analyses. 

4. Empirical Results 

4.1. The lead-lag relationship between index returns, futures returns, and overall 

net open buy 

I first perform a regression analysis based on equation (1). The results are listed 

in Table 3.3. The results of regressing the spot returns only on the futures returns are 

shown in Model 1. When the overall TX net open buy is the only independent variable, 

the results are shown in Model 2. Model 3 regresses the spot returns on both the 

futures returns and futures net open buy. 
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[Insert Table 3.3] 

The results from Model 1 in Table 3.3 clearly show that the most significant 

connection between the TX and TAIEX returns is the contemporaneous relationship. 

The largest relationship is , which reaches 0.7669, and the t-statistic is as high as 

150.82. Similar strong contemporaneous relationships can be found in Stoll and 

Whaley (1990), Stephan and Whaley (1990), and Chan (1992). This outcome seems to 

support the prediction of carry-cost theory. However, the coefficients of lags 1 and 3 

are 0.0715 and 0.0269 and they are both statistically significant at 1% levels. The 

remaining coefficients are not significant, which indicates that the futures returns 

exert a one-way lead over the spot returns. That is, the futures market reflects new 

information faster than the spot market. This conclusion is similar to that found by 

Kawaller et al. (1987), De Jong and Donders (1998), and Pati and Rajib (2011). 

Model 2 examines the relationship between the TX net open buy and TAIEX 

returns. The table shows that the contemporaneous correlation is also the most 

significant. The contemporaneous coefficient of the TX net open buy, , is 0.0585, 

which has the highest t-statistic of 14.64. The lead-one to lead-two coefficients are 

significantly greater than 0, at 0.0095, 0.0093 and 0.0278, respectively. The positive 

coefficient provides directional prediction, which represents the spot returns lead the 

TX net open buy. The coefficients of the lag one to lag three are also significantly 

different from 0, but have opposite signs (-0.0431, -0.0147, and -0.0126, respectively). 

The negative coefficients contradict the prediction of the information effect. A similar 

puzzle also appears in the analysis of stock options conducted by EOS and CCF. EOS 

believes this is due to the fact the behavior of trading volume presents some degree of 

complexity, and that information is not the only factor that influences the short-term 

movement relationship between the two markets. 

0

0
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Model 3 puts futures returns and futures transactions into the same regression 

equation. Except for a slightly lower level of significance for each coefficient, there is 

no fundamental difference in the conclusion. From an information-based perspective, 

these results indicate that the futures market leads the spot market and that the leading 

relationship is mainly present in the futures returns, rather than the futures volume. 

This conclusion is similar to that found in CCF’s analysis of the option market. 

The alternative methodology is the VAR model, which is represented in 

equations (2) to (4). According to the model’s results,5 the lag TX returns have 

significantly positive effects on the TAIEX returns, but the lag TAIEX returns have no 

significant effects on the TX returns. This indicates a one-way leading relationship 

between the TX returns and the TAIEX returns. The outcome is the same as that found 

in the general regression. In addition, none of the lags of TX net open buy have a 

significant effect on the TAIEX returns. Thus, by merely observing the overall TX net 

open buy, I am unable to perceive the information effect on the spot market. 

4.2. The differences in information content of the four trader classes 

In the previous analysis, I found that the futures returns do contain information 

on the spot returns, but I could not observe similar information content arising from 

futures net open buy. According to CCF, because informed traders are less aggressive 

in submitting orders (e.g., they only submit limit orders instead of market orders), 

they are able to influence the quoted price but not drive the trades. Alternatively, 

another plausible reason may be that the leading relationship of trading activity can 

only be observed on the transactions conducted by specific traders. To verify this, in 

the following analyses the futures traders are divided into four classes: foreign 

institutional traders, futures dealers, domestic institutional traders, and individual 

                                                           
5 The results are reported in Appendix A, Table A2. 
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traders. 

4.2.1 The spot market 

I first study the relationship between the spot returns and the net open buy of the 

four trader classes in the futures market. Equation (1) is revised as follows: 

3 3

, 0 , , ,
3 3

                                                   (5)s t i f t i j i j t i t
i j i
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where , represents foreign institutional traders, futures dealers, 

domestic institutional traders, and individual traders, respectively, and NBj,t represents 

the net open buy of trader class j. The regression results are presented in Table 3.4. 

Panel A shows the results of four regressions based on the net open buy of each trader 

class. In Panel B, the net open buy of all trader classes have been put into one 

regression. 

[Insert Table 3.4] 

The results in Panel A confirm my predictions. The lag one coefficient (0.0054) 

of foreign institutional traders is significantly positive but the coefficients of leads one 

and two (0.0091 and 0.0044) are also significantly positive. These results imply that 

there is a feedback relationship between the TAIEX returns and the net open buy of 

foreign institutional traders. The lag-two coefficient of futures dealers and the lag-one 

coefficient of individual traders are significantly positive. However, the magnitude of 

the positive coefficients almost be canceled out by the negative coefficients. From an 

information-based viewpoint, only the transactions of foreign institutional traders 

carry information on the spot market; the net open buys of futures dealers, domestic 

institutional traders, and individual traders have no directionally predictive power for 

the TAIEX returns. 

Panel B shows a similar outcome to Panel A. The lead-one, lead-two, and lag-one 

net open buy of foreign institutional traders are positive and significant (coefficient 

,  ,  ,  and j FI D DI I
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0.0051, 0.004 and 0.0047, respectively), which indicates a feedback relationship 

between the TAIEX returns and the net open buy of foreign institutional traders. The 

lagged net open buys of the other three trader classes are either negative or 

insignificant. Only the coefficient (0.005) of lag-one net open buy of individual 

traders is significantly positive. However, the magnitude of the positive coefficient is 

canceled out by the negative coefficients. The evidence again proves that the net open 

buy of futures dealers, domestic institutional traders, and individual traders have no 

directionally predictive power for the spot returns. 

While Chou and Wang (2009) found that foreign institutional traders and futures 

dealers seem to be better informed about the TX price movements than the others in 

Taiwan futures market, our results provide evidence that only foreign institutional 

traders seem to be better informed about the spot price movements. Our finding is 

more consistent with that of Chang et al. (2009). How could domestic traders have 

less information about their own market? One possible explanation suggested by 

Huang and Shiu (2009) and Chou and Wang (2009) is that foreign institutional traders 

may have superior technological, financial, or human expertise, experience, or 

resources. Furthermore, these advantages are more evident when domestic traders are 

from emerging markets. Another possible reason mentioned by EOS is that hedging 

demand may also be an important motivation for trading futures. For example, futures 

dealers may trade exchange-traded funds (ETFs), construct stock portfolios, or trade 

TAIEX options based on information and hedge them in futures market. Especially, 

some futures dealers have qualified as market makers in the TAIEX option market, 

their hedging demand may be stronger. As noted by Fahlenbrach and Sandas (2003), 

the cheapest way to hedge delta risk of index options is to use the nearby index 

futures. In this situation, the trading activity of futures dealers may appear to be 

inversely related to the spot returns. This may partly explain why the coefficient on 
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the lag-one net open buy of futures dealers is strongly negative in Table 3.4. 

In sum, our results show that the leading relationship of futures trading activity 

can only be observed from a specific trader class and this class is the foreign 

institutional traders.6 However, within the sample period, the foreign institutional 

traders’ open-buy and open-sell volume is only 7.76% of the overall TX’s open-buy 

and open-sell volume. Because the proportion is very low, the results are easily 

dominated by the trading activities of the other trader classes if overall volume is used. 

That’s the reason why we observe that the futures returns informationally lead the 

spot returns but the overall futures trading activity informationally lags the spot 

returns as shown in Table 3.3. 

4.2.2 The futures market 

In addition to analyzing cross-market information, this article also briefly 

discusses price-quantity relationships solely within the futures market. The regression 

model is similar to equation (5); the dependent variable becomes TX returns, and the 

lead, contemporaneous, and lag spot returns are controlled: 

3 3
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where ,  ,  ,  and j FI D DI I . 

The regression results are shown in Table 3.5. Panel A reports the results of four 

regressions based on the net open buy of each trader class. Panel B presents the result 

of putting the net open buy of all trader classes into one regression. 

 [Insert Table 3.5] 

According to Table 3.5, there exists a feedback relationship between the spot 

returns and TX returns because the lag-one, contemporaneous, and lead-one 
                                                           
6 In the literature of options markets, Chang et al. (2009) used daily data to examine the one-way 

relation between the option market and spot market and found similar results to ours. 
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coefficients on the spot returns are all significantly positive. The lag-three coefficient 

of individual traders is positively significant at the 10% level. However, the 

magnitude of the positive coefficient is smaller than the negative one. None of the lag 

net open buys of the other trader types shows significantly positive. This implies that 

all of the trading activities of the four trader types have no predictive power for TX 

returns. 

If effect, if I do not control the spot returns, the results of Panel A becomes that 

the foreign institutional traders’ ( j FI ) TX net open buy leads the index futures 

returns. The lag-two and lag-three coefficients are significantly positive (coefficients 

0.0093 and 0.009, and the t-statistics are 2.46 and 2.64, respectively). The lead 

coefficients are all negative. These results suggest that the net open buy of foreign 

institutional traders informationally leads the TX returns. The lagged net open buys of 

the other three classes of traders appear to be significantly negatively correlated with 

the TX returns, and their lead net open buys appear to be significantly positively 

correlated with the TX returns. Therefore, the trading activities of futures dealers, 

domestic institutional traders, and individual traders all informationally lag behind the 

TX returns. These results imply that the foreign institutional traders are the only class 

whose trading activity have information content relating to the futures returns. 

4.2.3 Robustness check 

As mentioned previously, information may not be the only factor that pushes 

traders to trade in futures market. Traders may trade futures contracts based on other 

purposes such as hedging or arbitrage. To mitigate the noise from 

non-information-based trading, I drop the transactions from arbitrager and re-run 

equations (5) and (6). That is if a trader trade finance sector index futures (TF) or/and 

electronic sector index futures (TE) and TX at the same day, it may be an 
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arbitrage-based transaction and I exclude it from the sample. The regression results 

are shown in Appendix A, Tables A3 and A4. 

After purging the effect of arbitrage, the new regression results show no 

conclusive change. The patterns reported in Tables A3 and A4 are quite similar to 

those in Tables 3.4 and 3.5, which confirm the robustness of my conclusions. 

4.3 VAR Results 

In the final analysis, I augment the VAR model presented by equations (2) to (4). 

I put the net open buy of the various trader classes into the model: 

 

All the notations have the same definitions as previously stated. 

The spot returns have a high degree of contemporaneous correlation with the 

futures returns. The correlation coefficient reaches 0.838. Hence, two additional VAR 

models are constructed to check robustness. One is to exclude the futures returns, and 

the other is to exclude the spot returns from the model. I only point out the important 
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differences, and do not report the detailed results of the two VAR models.7 

The results of the augmented VAR parameter estimation are shown in Table 3.6. 

The estimation of equation (7) shows that both the lag-one to lag-three TX returns 

(coefficients 0.3685, 0.1054, and 0.039, respectively) and the lag-two net open buy of 

foreign institutional traders (coefficient 0.0081) have significantly positive correlation 

with the TAIEX returns. The coefficients of lag net open buys of futures dealers, 

domestic institutional traders, and individual trader are either insignificant or negative. 

These again confirm that, while futures returns and the net open buy of foreign 

institutional traders carry information about spot returns, the other three trader classes 

do not. 

[Insert Table 3.6] 

The estimation of equation (8) shows the lag-two coefficient (0.0421) of the spot 

returns appears to be significantly positively correlated with the TX returns. This 

implies the spot returns also informationally lead the futures returns. As a result, both 

the TX and the spot returns have predictive power for each other, and take on an 

asymmetrical feedback relationship. The effect the futures returns have in leading the 

spot returns is stronger than the inverse leading relationship. In addition, the lag-two 

net open buy of foreign institutional traders appears to be significantly positively 

correlated with the futures returns (coefficient 0.0147). The coefficient of lag-two net 

open buy of futures dealers is also positive and marginal significant (coefficient 

0.0059), but its magnitude is canceled out by the negative coefficients. That is, the 

foreign institutional traders are still the only class whose trades have information 

content relating to the futures returns. 

The estimation result of equation (9) shows that the spot returns (the futures 

                                                           
7 The tables are provided in Appendix A, Tables A5 and A6. 
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returns) positively (negatively) lead the net open buy of the foreign institutional 

traders. The coefficients are all statistically significant at the 1% level. When the spot 

returns or the futures returns are excluded from the model, only the coefficient of 

lag-one TX returns on foreign institutional traders’ net open buy is significant 

negative. When the futures returns are excluded from the model, only the coefficient 

of the lag-three spot returns is significantly positive. Neither of the other two lag 

coefficients is significant. The results are consistent with Table 3.4 and Panel A of 

Table 3.5. 

The estimation result of equation (10) shows that the lag-one to lag-three spot 

returns are negatively correlated with the net open buy of the futures dealers 

(coefficients -0.2664, -0.1508, and -0.1768, respectively). The lag-one and lag-two 

coefficients of the futures returns, on the other hand, are significantly positively 

correlated with the net open buy of the futures dealers (coefficients 0.6825 and 0.106, 

respectively). When the spot returns are excluded from the model, the coefficient of 

the lag-one futures returns is significantly positive but the coefficient of lag-three 

futures returns is significantly negative. Because the positive coefficient is larger than 

the negative, the conclusion is unchanged. Similarly, when the futures returns are 

excluded from the model, the coefficient of the lag-one spot returns is positive 

(0.3574) and reaches the 1% significance level. The coefficient of the lag-three spot 

returns is negative and is also significant at the 1% level (coefficients 0.1591). 

Because the positive coefficient is greater than the negative, the futures dealers’ net 

open buy informationally lags behind both the spot and futures returns. 

The estimation of equation (11) shows that the lag-one coefficient of the spot 

returns is significantly positive (0.1718). When I exclude the futures returns from the 

model, the result is unchanged. When I exclude the spot returns from the model, the 

coefficient of lag-two TX returns becomes significantly positive. This indicates the 
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net open buy of domestic institutional traders lags behind both spot and futures 

returns. 

 The estimation of equation (12) shows that the lag-one and lag-three spot returns 

are significantly negatively correlated with the net open buy of individual traders  

(coefficient -0.3405 and -0.1247). On the other hand, the lag-one to lag-three TX 

returns are significantly positively correlated with the net open buy of individual 

traders  (coefficient 0.2258, 0.182 and 0.1308, respectively). When the spot returns 

are excluded from the model, the coefficient of the lag-two futures returns is 

significantly positive. When the futures returns are excluded from the model, the 

coefficient of the lag-one spot returns is still significantly negative, and the lag-two 

coefficient becomes significantly positive. The magnitude of these two coefficients is 

almost identical. These results show that the net open buy of the individual traders is 

less informative of futures returns. 

In addition to the relationship between the TAIEX index returns, TX returns and 

the net open buy of the four TX trader classes, further insights are contained in Table 

3.6. To begin with, it is useful to observe the interaction between the different classes 

of traders. Because the net open buy of each trader class is affected by its own past 

behaviors, the persistence of the behavior exists over time. Besides, each trader class 

also interacts with the other classes to some degree. However, the direction of these 

interactions is complex. I only present the results that have relatively clear direction. 

First, the lag-one and lag-three net open buy of the individual traders is positively 

correlated with that of the futures dealers (coefficients 0.0510 and 0.0252). 

Symmetrically, the lag-one and lag-three net open buy of the futures dealers is also 

positively correlated with that of the individual traders (coefficients 0.0340 and 

0.0424). This shows that the trading behavior between the two groups appears to be a 

feedback relation. Second, domestic institutional traders have only minimal 
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interaction with the other groups. Especially, their trading activity seems to exert no 

influence on those of the other groups. 

In the unreported results,8 I conducted separate Granger tests for each of the 

three VAR models (the augmented VAR, the VAR excluding spot returns, and the 

VAR excluding the futures returns). The results fully confirm the above conclusions. 

Thus far, I have explained my empirical results by focusing on the 

information-based effect. However, other perspectives such as trading strategies may 

also partly interpret our results. For example, Table 3.6 shows that the lags of TX 

returns are negatively related to the net open buy of foreign institutional traders and 

positively related to the net open buys of the other three trader classes. This suggests 

that foreign institutional traders may adopt contrarian strategies, whereas the other 

three classes of traders may adopt momentum strategies. These findings are not totally 

consistent with those of Lin et al. (2008) which found that foreign institutional traders 

and dealers (both futures and securities dealers) are positive feedback traders and 

individual traders are contrarians. The possible reasons may have two. First, while we 

use intraday net open buy as a proxy for trading activity, their proxy is daily net buy 

volume. Second, our sample period is from April 2004 to July 2008, but theirs is from 

January 2001 to December 2002. 

In summary, the main conclusions of this section are as follows. After classifying 

the futures traders, the futures returns still strongly lead the spot returns, although this 

relationship is not unidirectional. The spot returns also lead the futures returns, but 

with a weak significance. This suggests an asymmetric feedback relationship. The net 

open buy of foreign institutional traders is the only trade to inform changes in both the 

futures and spot prices. This information effect is one-way in the futures market, but a 

                                                           
8 The results are provided in Appendix A, Tables A7 to A9. 
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two-way feedback relationship in the spot market. The net open buys of the futures 

dealers, domestic institutional traders, and the individual traders have no directionally 

predictive power for both futures and spot prices. 

5. Conclusions 

This study uses a unique dataset to explore the intraday information-based 

relation between the futures market and the spot market. I examine the lead-lag 

relationship between the TX returns, TX net open buy, and TAIEX returns in the 

overall market. Also, I categorize the futures traders into foreign institutional traders, 

futures dealers, domestic institutional traders, and individual traders. Following this, I 

conduct a detailed analysis of whether the trades of the four trader classes contain 

different information for the spot and futures markets. 

For the overall market, the results indicate that the futures market leads the spot 

market. However, this leading relationship of futures market is only reflected in 

futures returns, and not in the overall futures trading activity. When the different 

sources of trading are not distinguished, observing the overall TX net open buy has no 

informationally leading effect for either futures prices or spot prices. 

After dividing the futures traders into four classes, the TX returns still lead the 

TAIEX returns. The leading relationship is an asymmetric feedback relationship. That 

is, the TX returns strongly lead the TAIEX returns, and the TAIEX returns weakly 

lead the TX returns. In addition, the net open buy of foreign institutional traders have 

directionally predictive power for both the TX returns and the TAIEX returns. The net 

open buy of the foreign institutional traders has a one-way leading relationship with 

the TX returns, but a two-way feedback relationship with the TAIEX returns. The net 

open buy of the futures dealers, domestic institutional traders, and the individual 

traders all lag behind the futures and spot returns. 
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In sum, this paper reveals that informed traders do choose to trade in the futures 

market. In particular, foreign institutional traders tend to be the informed traders. 

However, due to the low market share foreign institutional traders have in the futures 

market (less than 8%), the leading relation is difficult to be discerned from the overall 

market trading activity. This implies that analyses based on overall market trading 

volume may produce inaccurate results. 
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Table 3.1: Summary statistics of the TX transactions 
This table reports the summary statistics of the TX trading activity. The transactions are 
divided into open buy, open sell, close buy, and close sell. The traders are categorized as 
foreign institutional traders, futures dealers, domestic institutional traders, and individual 
traders. The statistics in Panel A represent the market share in terms of trading volume for 
each trader class according to the different transaction types. Panel B shows the average 
30-minutes volume traded by each trader class according to the different transaction types. 
The statistics in Panel C show that, during the sample period, the average trading frequency 
of each trader class according to the different transaction types within a 30-minute interval. 

 Open buy Open sell Close buy Close sell

Panel A: Market share (%) 

All 27.71 25.36 22.28 24.65

Foreign institutional traders 1.92 2.20 1.85 1.51

Futures dealers 4.73 4.40 4.76 4.95

Domestic institutional traders 0.43 0.88 1.13 0.36

Individual traders 20.62 17.89 14.54 17.83

Panel B: Average volume (30 minutes) 

All 1,990 1,842 1,575 1,724

Foreign institutional traders 133 154 130 106

Futures dealers 335 311 339 352

Domestic institutional traders 31 63 82 24

Individual traders 1,492 1,314 1,024 1,242

Panel C: Average frequency (30 minutes) 

All 1,019 899 788 890

Foreign institutional traders 49 53 50 40

Futures dealers 135 123 143 147

Domestic institutional traders 11 25 36 9

Individual traders 823 699 559 695

 



 92

Table 3.2: Autocorrelations of the spot returns and futures returns 
This table shows series correlations of the TAIEX and TX returns. Rs,t represents the 
30-minute TAIEX returns. Rf,t represents the 30-minute TX returns. AC represents 
autocorrelation. t-stat. represents the t-statistic. ***, **, and * indicate significance at the 1%, 
5%, and 10% level, respectively. 

Lag 
Rs,t Rf,t 

AC t-stat. AC t-stat. 

1 0.041 (4.08)*** 0.069 (7.52)*** 

2 0.023 (2.21)** 0.019 (2.08)** 

3 0.024 (2.31)** 0.007 (0.80) 

4 -0.026 (-2.56)** -0.011 (-1.22) 

5 0.023 (2.29)** 0.006 (0.61) 

6 0.032 (3.13)** 0.007 (0.73) 

7 0.023 (2.23)** 0.019 (2.05)** 

8 -0.006 (-0.62) 0.023 (2.48)** 

9 -0.045 (-4.36)*** 0.008 (0.82) 

10 -0.018 (-1.77)* 0.003 (0.31) 

11 -0.007 (-0.68) -0.046 (-4.94)*** 

12 -0.002 (-0.22) -0.025 (-2.66)*** 
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Table 3.3: Regression results of the spot returns on the futures returns and net 

open buy 
This table presents the estimated parameters of the regression and the t-statistic. The 
regression model is:  
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Rs,t  represents the 30-minute TAIEX returns. Rf,t represents the 30-minute TAIEX returns. 
NBf,t represents the 30-minute net open buy of the TX. et is the residuals. Model 1 regresses 
the TAIEX returns on the TX returns. Model 2 regresses the TAIEX returns on the TX net 
open buy. Model 3 regresses the TAIEX returns on both the TX returns and the TX net open 
buy. Estimates for the intercepts are not reported in this table. t-statistics are presented in 
parentheses. The Adj. R2 in the table represents the adjusted R-square. ***, **, and * indicate 
significance at the 1%, 5%, and 10% level, respectively. 

 Model 1 Model 2 Model 3 

Rf,t+3 0.0046 (0.87)   0.0036 (0.67) 

Rf,t+2 0.0060 (1.06)   0.0047 (0.82) 

Rf,t+1 -0.0079 (-1.44)   -0.0047 (-0.83) 

Rf,t 0.7669*** (150.82)   0.7628*** (146.44) 

Rf,t-1 0.0715*** (13.83)   0.0680*** (12.81) 

Rf,t-2 0.0073 (1.35)   0.0077 (1.39) 

Rf,t-3 0.0269*** (5.04)   0.0269*** (4.98) 

NBf,t+3   0.0095*** (2.69) 0.0014 (0.72) 

NBf,t+2   0.0093** (2.27) 0.0009 (0.40) 

NBf,t+1   0.0278*** (6.62) -0.0075*** (-3.19) 

NBf,t   0.0585*** (14.64) 0.0143*** (6.34) 

NBf,t-1   -0.0431*** (-10.95) -0.0048** (-2.18) 

NBf,t-2   -0.0147*** (-3.77) -0.0017 (-0.78) 

NBf,t-3   -0.0126*** (-3.63) -0.0011 (-0.56) 

Adj. R2 0.7095 0.0526 0.7108 
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Table 3.4: Regression results of the spot returns on the net open buy of the four 

trader classes 
This table presents the t-statistic of the parameter estimation of the regression and the 
estimated parameters from regressing the TAIEX returns on the net open buy of the four 
trader classes. Panel A uses one of the four trader classes to perform the regressions. Panel B 
uses the net open buy of four trader classes in the same regression to conduct the parameter 
estimation. Rs,t represents the 30-minute TAIEX returns. NBj,t represents the 30-minute net 
open buy of the trader class j in the futures market. FI, D, DI, and I represent the foreign 
institutional traders, the futures dealers, the domestic institutional traders, and the individual 
traders, respectively. Estimates for the intercepts are not reported in this table. t-statistics are 
presented in parentheses. The Adj. R2 in the table represents the adjusted R-square. ***, **, 
and * indicate significance at the 1%, 5%, and 10% level, respectively. 

 j=FI j=D j=DI j=I 

Panel A: 
3 3

, 0 , , ,
3 3

s t i f t i j i j t i t
i i

R R NB e     
 

      

Rf,t+3 0.0052 (0.99) 0.0031 (0.56) 0.0048 (0.90) 0.0047 (0.88) 

Rf,t+2 0.0081 (1.45) 0.0081 (1.37) 0.0064 (1.13) 0.0062 (1.10) 

Rf,t+1 -0.0070 (-1.28) 0.0004 (0.08) -0.0084 (-1.53) -0.0071 (-1.30) 

Rf,t 0.7664*** (151.88) 0.7474*** (138.86) 0.7669*** (150.31) 0.7685*** (151.22) 

Rf,t-1 0.0705*** (13.76) 0.0726*** (13.33) 0.0712*** (13.73) 0.0723*** (13.97) 

Rf,t-2 0.0049 (0.92) 0.0149*** (2.65) 0.0077 (1.43) 0.0061 (1.12) 

Rf,t-3 0.0261*** (4.93) 0.0255*** (4.63) 0.0271*** (5.06) 0.0248*** (4.66) 

NBj,t+3 0.0017 (0.95) 0.0021 (1.05) -0.0006 (-0.36) -0.0014 (-0.71) 

NBj,t+2 0.0044** (2.06) -0.0046** (-2.00) -0.0032 (-1.54) 0.0006 (0.25) 

NBj,t+1 0.0091*** (4.22) -0.0079*** (-3.39) 0.0054*** (2.61) -0.0099*** (-4.38) 

NBj,t -0.0252*** (-13.52) 0.0312*** (14.38) -0.0022 (-1.27) 0.0145*** (7.03) 

NBj,t-1 0.0054*** (2.83) -0.0265*** (-12.28) 0.0009 (0.53) 0.0074*** (3.58) 

NBj,t-2 0.0028 (1.51) 0.0040* (1.85) -0.0013 (-0.76) -0.0059*** (-2.86) 

NBj,t-3 -0.0003 (-0.19) 0.0011 (0.58) 0.0010 (0.60) -0.0027 (-1.46) 

Adj. R 2 0.7150 0.7176 0.7098 0.7122 

Panel B: 
3 3

, 0 , , ,
3 3

s t i f t i j i j t i t
i j i

R R NB e     
 

      

Rf,t+3 0.0037 (0.67)       

Rf,t+2 0.0097 (1.64)       

Rf,t+1 0.0020 (0.34)       

Rf,t 0.7495*** (138.83)       

Rf,t-1 0.0722*** (13.17)       

Rf,t-2 0.0128** (2.28)       

Rf,t-3 0.0237*** (4.33)       

NBj,t+3 0.0017 (0.89) 0.0021 (1.00) -0.0007 (-0.43) 0.0003 (0.14) 

NBj,t+2 0.0040* (1.80) -0.0042* (-1.79) -0.0024 (-1.17) -0.0001 (-0.05) 

NBj,t+1 0.0051** (2.25) -0.0091*** (-3.83) 0.0034* (1.69) -0.0095*** (-3.93) 

NBj,t -0.0179*** (-8.74) 0.0301*** (13.42) 0.0005 (0.30) 0.0121*** (5.30) 

NBj,t-1 0.0047** (2.30) -0.0251*** (-11.31) 0.0013 (0.75) 0.0050** (2.19) 

NBj,t-2 0.0022 (1.10) 0.0034 (1.52) -0.0019 (-1.07) -0.0029 (-1.28) 

NBj,t-3 -0.0011 (-0.61) 0.0014 (0.69) 0.0008 (0.47) -0.0035* (-1.74) 

Adj. R 2 0.7236 
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Table 3.5: Regression results of the TX returns on the net open buy of the four 

trader classes 
This table presents the t-statistic of the parameter estimation of the regression and the 
estimated parameters from regressing the TX returns on the net open buy of the four trader 
classes. Panel A uses one of the four trader classes to perform the regressions. Panel B uses 
the net open buy of four trader classes in the same regression to conduct the parameter 
estimation. Rf,t represents the 30-minute TX returns. NBj,t represents the 30-minute net open 
buy of the trader class j in the futures market. FI, D, DI, and I represent the foreign 
institutional traders, the futures dealers, the domestic institutional traders, and the individual 
traders, respectively. Estimates for the intercepts are not reported in this table. t-statistics are 
presented in parentheses. The Adj. R2 in the table represents the adjusted R-square. ***, **, 
and * indicate significance at the 1%, 5%, and 10% level, respectively. 
 j=FI j=D j=DI j=I 

Panel A: 
3 3

, 0 , , ,
3 3

f t i s t i j i j t i t
i i

R R NB e     
 

      

Rs,t+3 0.0023 (0.39) 0.0055 (0.92) 0.0017 (0.29) 0.0021 (0.36) 

Rs,t+2 0.0048 (0.81) 0.0090 (1.48) 0.0060 (1.02) 0.0050 (0.84) 

Rs,t+1 0.1170*** (19.85) 0.1034*** (16.60) 0.1196*** (20.22) 0.1179*** (19.99) 

Rs,t 0.9084*** (154.01) 0.8845*** (139.80) 0.9026*** (152.63) 0.9040*** (153.37) 

Rs,t-1 0.0237*** (4.02) 0.0165*** (2.67) 0.0234*** (3.96) 0.0207*** (3.52) 

Rs,t-2 0.0059 (1.00) 0.0068 (1.11) 0.0053 (0.89) 0.0046 (0.78) 

Rs,t-3 -0.0112* (-1.91) -0.0067 (-1.10) -0.0111* (-1.87) -0.0092 (-1.57) 

NBj,t+3 0.0010 (0.51) -0.0055*** (-2.63) -0.0006 (-0.33) 0.0034 (1.62) 

NBj,t+2 -0.0065*** (-2.79) -0.0003 (-0.13) 0.0039* (1.73) 0.0037 (1.55) 

NBj,t+1 -0.0096*** (-4.12) 0.0230*** (9.24) -0.0019 (-0.84) 0.0071*** (2.93) 

NBj,t 0.0208*** (10.30) 0.0039* (1.67) 0.0068*** (3.57) -0.0157*** (-7.12) 

NBj,t-1 -0.0041** (-1.98) -0.0019 (-0.81) -0.0057*** (-3.02) -0.0082*** (-3.71) 

NBj,t-2 -0.0003 (-0.17) -0.0056** (-2.40) 0.0022 (1.14) 0.0034 (1.53) 

NBj,t-3 0.0008 (0.46) -0.0055*** (-2.67) -0.0018 (-1.02) 0.0034* (1.69) 

Adj. R 2 0.7186 0.7190 0.7159 0.7179 

Panel B: 
3 3

, 0 , , ,
3 3

f t i s t i j i j t i t
i j i

R R NB e     
 

      

Rf,t+3 0.0056 (0.94)       

Rf,t+2 0.0044 (0.72)       

Rf,t+1 0.0980*** (15.72)       

Rf,t 0.8844*** (139.47)       

Rf,t-1 0.0138** (2.23)       

Rf,t-2 0.0051 (0.84)       

Rf,t-3 -0.0063 (-1.04)       

NBj,t+3 0.0009 (0.47) -0.0052** (-2.45) -0.0001 (-0.04) 0.0025 (1.11) 

NBj,t+2 -0.0043* (-1.76) 0.0004 (0.18) 0.0043* (1.95) 0.0030 (1.18) 

NBj,t+1 -0.0032 (-1.31) 0.0240*** (9.37) -0.0002 (-0.11) 0.0089*** (3.41) 

NBj,t 0.0203*** (9.14) 0.0063** (2.56) 0.0061*** (3.20) -0.0061** (-2.48) 

NBj,t-1 -0.0087*** (-3.92) -0.0049** (-2.07) -0.0074*** (-3.94) -0.0138*** (-5.64) 

NBj,t-2 -0.0008 (-0.37) -0.0043* (-1.82) 0.0022 (1.16) 0.0017 (0.72) 

NBj,t-3 0.0005 (0.23) -0.0057*** (-2.73) -0.0013 (-0.73) 0.0021 (0.97) 

Adj. R 2 0.7244 
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Table 3.6: Vector autoregression (VAR) results 
This table presents the estimated parameters and the t-statistic of vector autoregression (VAR). The model is: 

3 3 3 3 3 3

, 1 1, , 1, , 1, , 1, , 1, , 1, , 11 1 1 1 1 1

3 3 3

, 2 2, , 2, , 2, , 2, , 2,1 1 1

es t i s t i i f t i i FI t i i D t i i DI t i i I t i ti i i i i i

f t i s t i i f t i i FI t i i D t i ii i i

R R R NB NB NB NB

R R R NB NB NB

      

     

                

          

       

     

     
   3 3 3

, 2, , 21 1 1

3 3 3 3 3 3

, 3 3, , 3, , 3, , 3, , 3, , 3, , 31 1 1 1 1 1

3 3

, 4 4, , 4, ,1 1

e

e

DI t i i I t i ti i i

FI t i s t i i f t i i FI t i i D t i i DI t i i I t i ti i i i i i

D t i s t i i f t ii i

NB

NB R R NB NB NB NB

NB R R



      

  

    

                

    

 

       

  

  
     
 3 3 3 3

4, , 4, , 4, , 4, , 41 1 1 1

3 3 3 3 3 3

, 5 5, , 5, , 5, , 5, , 5, , 5, , 51 1 1 1 1 1

e

e

i FI t i i D t i i DI t i i I t i ti i i i

DI t i s t i i f t i i FI t i i D t i i DI t i i I t i ti i i i i i

NB NB NB NB

NB R R NB NB NB NB

   

      

          

                

    

       

    
     

3 3 3 3 3 3

, 6 6, , 6, , 6, , 6, , 6, , 6, , 61 1 1 1 1 1
eI t i s t i i f t i i FI t i i D t i i DI t i i I t i ti i i i i i

NB R R NB NB NB NB                      
            

 

Rs,t represents the 30-minute TAIEX returns. Rf,t represents the 30-minute TX returns. NBFI,t, NBD,t, NBDI,t, and NBI,t represent the 30-minute TX net open buy 
of the foreign institutional traders, the futures dealers, the domestic institutional traders, and the individual traders, respectively. Estimates for the intercepts 
are not reported in this table. t-statistics are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. 
 Rs,t Rf,t NBFI,t NBD,t NBDI,t NBI,t 

Rs,t-1 -0.3056*** (-15.73) -0.0150 (-0.70) 0.3617*** (5.62) -0.2664*** (-4.54) 0.1718*** (2.60) -0.3405*** (-5.74) 

Rs,t-2 -0.0836*** (-4.16) 0.0421* (1.89) 0.3299*** (4.95) -0.1508** (-2.49) -0.0262 (-0.38) -0.0620 (-1.01) 

Rs,t-3 -0.0221 (-1.15) 0.0260 (1.22) 0.2970*** (4.68) -0.1768*** (-3.06) 0.0130 (0.20) -0.1247** (-2.13) 

Rf,t-1 0.3685*** (21.11) 0.0818*** (4.23) -0.3450*** (-5.96) 0.6825*** (12.95) 0.0261 (0.44) 0.2258*** (4.23) 

Rf,t-2 0.1054*** (5.74) -0.0153 (-0.75) -0.2855*** (-4.69) 0.1060* (1.91) 0.0635 (1.02) 0.1820*** (3.24) 

Rf,t-3 0.0390** (2.19) -0.0243 (-1.23) -0.2226*** (-3.76) 0.0103 (0.19) 0.0326 (0.54) 0.1308** (2.40) 

NBFI,t-1 -0.0007 (-0.19) -0.0014 (-0.38) 0.3230*** (28.61) -0.0216** (-2.10) 0.0071 (0.62) -0.0055 (-0.53) 

NBFI,t-2 0.0081** (2.27) 0.0147*** (3.73) 0.1062*** (9.00) 0.0055 (0.51) -0.0203* (-1.68) -0.0327*** (-3.00) 

NBFI,t-3 0.0006 (0.18) 0.0035 (0.93) 0.0536*** (4.77) 0.0236** (2.30) -0.0183 (-1.59) 0.0315*** (3.04) 

NBD,t-1 -0.0037 (-1.01) 0.0037 (0.91) -0.0288** (-2.38) 0.3673*** (33.36) 0.0051 (0.41) 0.0510*** (4.58) 

NBD,t-2 -0.0010 (-0.27) -0.0009 (-0.21) -0.0023 (-0.18) 0.1250*** (10.68) -0.0335** (-2.54) -0.0164 (-1.38) 

NBD,t-3 0.0046 (1.31) 0.0026 (0.65) -0.0170 (-1.44) 0.1152*** (10.77) -0.0146 (-1.21) 0.0252** (2.33) 

NBDI,t-1 -0.0018 (-0.59) -0.0055 (-1.63) 0.0124 (1.23) -0.0084 (-0.92) 0.2536*** (24.60) -0.0033 (-0.36) 

NBDI,t-2 0.0027 (0.86) 0.0059* (1.71) -0.0041 (-0.39) 0.0030 (0.32) 0.1095*** (10.35) -0.0084 (-0.89) 

NBDI,t-3 -0.0017 (-0.56) -0.0028 (-0.84) -0.0194* (-1.94) -0.0133 (-1.46) 0.0956*** (9.31) 0.0018 (0.20) 

NBI,t-1 0.0010 (0.26) -0.0101** (-2.48) 0.0335*** (2.75) 0.0340*** (3.06) -0.0082 (-0.65) 0.3846*** (34.18) 

NBI,t-2 -0.0107*** (-2.71) -0.0072* (-1.65) 0.0131 (1.00) -0.0225* (-1.89) -0.0224* (-1.67) 0.1014*** (8.38) 

NBI,t-3 0.0004 (0.10) 0.0028 (0.69) -0.0391*** (-3.21) 0.0424*** (3.82) 0.0033 (0.27) 0.1481*** (13.19)  
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Appendix A 

 

Table A1: Unit root tests 

This table presents the results of the augmented Dickey-Fuller unit root tests using the 

following equation: 

3

1 1t t i t i ti
x x x e  

      

  is the differencing operator. xt is one of the following variables: the TX returns (Rf,t), 

TAIEX returns (Rs,t), overall net open buy (NBf,t), net open buy of foreign institutional traders 

(NBFI,t), net open buy of futures dealers (NBD,t), net open buy of domestic institutional traders 

(NBDI,t), net open buy of individual traders (NBI,t). Only the coefficient   is reported in this 

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

 Estimated parameter ( ) t-statistics 

Rf,t-1 -0.9150*** (-53.26) 

Rs,t-1 -0.9441*** (-48.70) 

NBf,t-1 -0.3121*** (-32.10) 

NBFI,t-1 -0.4767*** (-39.66) 

NBD,t-1 -0.3488*** (-34.05) 

NBDI,t-1 -0.4906*** (-38.53) 

NBI,t-1 -0.3305*** (-32.58) 
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Table A2: VAR results – unclassified data 
This table presents the estimated parameters and the t-statistic of vector autoregression (VAR). 
The model is: 

3 3 3

, 1 1 , 1 , 1 , 11 1 1

3 3 3

, 2 2 , 2 , 2 , 21 1 1

3 3 3

, 3 3 , 3 , 3 , 31 1 1

e

e

e

s t i s t i i f t i i f t i ti i i

f t i s t i i f t i i f t i ti i i

f t i s t i i f t i i f t i ti i i

R R R NB

R R R NB

NB R R NB

   

   

   

    

    

    

    

    

    

  
  
  

 

Rs,t represents the 30-minute TAIEX returns. Rf,t represents the 30-minute TX returns. NBf,t 
represent the 30-minute overall TX net open buy. Estimates for the intercepts are not reported 
in this table. t-statistics are presented in parentheses. ***, **, and * indicate significance at the 
1%, 5%, and 10% level, respectively. 

 Rs,t Rf,t NBf,t 

Rs,t-1 -0.3108*** (-16.22) -0.0209 (-0.98) 0.1692*** (2.60) 

Rs,t-2 -0.0980*** (-4.94) 0.0253 (1.15) -0.0375 (-0.56) 

Rs,t-3 -0.0221 (-1.17) 0.0214 (1.02) 0.0108 (0.17) 

Rf,t-1 0.3716*** (21.48) 0.0930*** (4.85) 0.0297 (0.51) 

Rf,t-2 0.1138*** (6.27) 0.0001 (0.00) 0.0469 (0.76) 

Rf,t-3 0.0418** (2.37) -0.0191 (-0.98) -0.0004 (-0.01) 

NBf,t-1 -0.0017 (-0.56) -0.0042 (-1.26) 0.2561*** (25.27) 

NBf,t-2 0.0045 (1.48) 0.0075** (2.20) 0.1146*** (11.02) 

NBf,t-3 -0.0014 (-0.49) -0.0027 (-0.83) 0.0970*** (9.59) 
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Table A3: Robustness check of Table 3.4 
This table presents the t-statistic of the parameter estimation of the regression and the 
estimated parameters from regressing the TAIEX returns on the net open buy of the four 
trader classes. If a trader trade TF (or TE) and TX at the same day, then the transaction is 

excluded from the sample. Panel A uses one of the four trader classes to perform the 
regressions. Panel B uses the net open buy of four trader classes in the same regression to 
conduct the parameter estimation. Rs,t represents the 30-minute TAIEX returns. NBj,t 
represents the 30-minute net open buy of the trader class j in the futures market. FI, D, DI, 
and I represent the foreign institutional traders, the futures dealers, the domestic institutional 
traders, and the individual traders, respectively. Estimates for the intercepts are not reported in 
this table. t-statistics are presented in parentheses. The Adj. R2 in the table represents the 
adjusted R-square. ***, **, and * indicate significance at the 1%, 5%, and 10% level, 
respectively. 

 j=FI j=D j=DI j=I 

Panel A: 
3 3

, 0 , , ,
3 3

s t i f t i j i j t i t
i i

R R NB e     
 

      

Rf,t+3 0.0062 (1.18)  0.0072 (1.35) 0.0061 (1.16) 0.0057 (1.07) 

Rf,t+2 0.0063 (1.13)  0.0057 (1.00) 0.0052 (0.93) 0.0049 (0.87) 

Rf,t+1 -0.0042 (-0.77)  -0.0023 (-0.42) -0.0045 (-0.81) -0.0045 (-0.81) 

Rf,t 0.7626*** (151.11)  0.7614*** (148.33) 0.7645*** (150.27) 0.7700*** (150.66) 

Rf,t-1 0.0700*** (13.68) 0.0689*** (13.24) 0.0710*** (13.77) 0.0760*** (14.60) 

Rf,t-2 0.0087 (1.63) 0.0106** (1.96) 0.0097* (1.80) 0.0084 (1.55) 

Rf,t-3 0.0265*** (5.01) 0.0287*** (5.35) 0.0273*** (5.13) 0.0237*** (4.43) 

NBj,t+3 0.0022 (1.27) -0.0034* (-1.79) -0.0002 (-0.14) -0.0021 (-1.08) 

NBj,t+2 -0.0015 (-0.71) 0.0006 (0.29) -0.0037* (-1.78) 0.0005 (0.25) 

NBj,t+1 0.0083*** (3.92) -0.0046** (-2.19) 0.0043** (2.13) -0.0081*** (-3.63) 

NBj,t -0.0204*** (-11.27)  0.0117*** (5.86) -0.0024 (-1.33) 0.0151*** (7.41) 

NBj,t-1 0.0047** (2.57) -0.0046** (-2.27) -0.0001 (-0.05) 0.0075*** (3.68) 

NBj,t-2 0.0031* (1.72) -0.0022 (-1.06) 0.0000 (0.00) -0.0059*** (-2.87) 

NBj,t-3 -0.0010 (-0.62) -0.0024 (-1.30) 0.0001 (0.06) -0.0026 (-1.39) 

Adj. R 2 0.7122 0.7095 0.7085 0.7112 

Panel B: 
3 3

, 0 , , ,
3 3

s t i f t i j i j t i t
i j i

R R NB e     
 

      

Rf,t+3 0.0075 (1.41)       

Rf,t+2 0.0071 (1.25)       

Rf,t+1 -0.0025 (-0.45)       

Rf,t 0.7647*** (147.98)        

Rf,t-1 0.0732*** (13.93)       

Rf,t-2 0.0106* (1.93)       

Rf,t-3 0.0262*** (4.86)       

NBj,t+3 0.0020 (1.12) -0.0035* (-1.87) -0.0007 (-0.42) -0.0013 (-0.66) 

NBj,t+2 -0.0023 (-1.07) 0.0001 (0.05) -0.0038* (-1.84) -0.0006 (-0.26) 

NBj,t+1 0.0071*** (3.31) -0.0044** (-2.10) 0.0038* (1.85) -0.0069*** (-3.08) 

NBj,t -0.0180*** (-9.75) 0.0109*** (5.51) -0.0005 (-0.30) 0.0114*** (5.44) 

NBj,t-1 0.0065*** (3.51) -0.0040** (-1.99) 0.0012 (0.66) 0.0092*** (4.36) 

NBj,t-2 0.0028 (1.52) -0.0023 (-1.16) -0.0011 (-0.62) -0.0045** (-2.15) 

NBj,t-3 -0.0014 (-0.85) -0.0030 (-1.63) -0.0002 (-0.11) -0.0028 (-1.44) 

Adj. R 2 0.7150  
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Table A4: Robustness check of Table 3.5 
This table presents the t-statistic of the parameter estimation of the regression and the 
estimated parameters from regressing the TX returns on the net open buy of the four trader 
classes. If a trader trade TF (or TE) and TX at the same day, then the transaction is excluded 
from the sample. Panel A uses one of the four trader classes to perform the regressions. 
Panel B uses the net open buy of four trader classes in the same regression to conduct the 
parameter estimation. Rf,t represents the 30-minute TX returns. NBj,t represents the 30-minute 
net open buy of the trader class j in the futures market. FI, D, DI, and I represent the foreign 
institutional traders, the futures dealers, the domestic institutional traders, and the individual 
traders, respectively. Estimates for the intercepts are not reported in this table. t-statistics are 
presented in parentheses. The Adj. R2 in the table represents the adjusted R-square. ***, **, and 
* indicate significance at the 1%, 5%, and 10% level, respectively. 

 j=FI j=D j=DI j=I 

Panel A: 
3 3

, 0 , , ,
3 3

f t i s t i j i j t i t
i i

R R NB e     
 

      

Rf , t+3 0.0003 (0.06) 0.0010 (0.16) 0.0008 (0.14) 0.0017 (0.29) 

Rf , t+2 0.0066 (1.10) 0.0077 (1.29) 0.0061 (1.03) 0.0047 (0.80) 

Rf , t+1 0.1163*** (19.61) 0.1141*** (19.04) 0.1173*** (19.73) 0.1153*** (19.49) 

Rf , t 0.9099*** (153.03) 0.9018*** (150.14) 0.9049*** (152.27) 0.9000*** (152.38) 

Rf,t-1 0.0221*** (3.72) 0.0239*** (3.99) 0.0225*** (3.78) 0.0160*** (2.69) 

Rf,t-2 0.0037 (0.62) 0.0044 (0.74) 0.0039 (0.65) 0.0046 (0.77) 

Rf,t-3 -0.0099* (-1.67) -0.0095 (-1.59) -0.0105* (-1.77) -0.0075 (-1.26) 

NBj,t+3 -0.0001 (-0.07) 0.0004 (0.20) -0.0012 (-0.61) 0.0067*** (3.28) 

NBj,t+2 0.0014 (0.62) -0.0028 (-1.22) 0.0043* (1.93) 0.0025 (1.04) 

NBj,t+1 -0.0075*** (-3.27) 0.0113*** (4.97) -0.0010 (-0.46) 0.0059** (2.48) 

NBj,t 0.0146*** (7.42) 0.0024 (1.13) 0.0062*** (3.25) -0.0275*** (-12.65) 

NBj,t-1 -0.0033* (-1.69) -0.0063*** (-2.89) -0.0044** (-2.29) -0.0029 (-1.30) 

NBj,t-2 -0.0009 (-0.47) 0.0008 (0.39) 0.0006 (0.34) 0.0041* (1.86) 

NBj,t-3 0.0013 (0.73) -0.0003 (-0.13) -0.0004 (-0.23) 0.0051** (2.52) 

Adj. R 2 0.7156 0.7149 0.7144 0.7197 

Panel B: 
3 3

, 0 , , ,
3 3

f t i s t i j i j t i t
i j i

R R NB e     
 

      

Rf , t+3 0.0019 (0.33)       

Rf , t+2 0.0051 (0.86)       

Rf , t+1 0.1106*** (18.46)       

Rf , t 0.8980*** (149.32)       

Rf,t-1 0.0158*** (2.62)       

Rf,t-2 0.0047 (0.79)       

Rf,t-3 -0.0073 (-1.24)       

NBj,t+3 0.0011 (0.61) 0.0009 (0.44) 0.0001 (0.05) 0.0067*** (3.14) 

NBj,t+2 0.0029 (1.25) -0.0027 (-1.20) 0.0046** (2.07) 0.0028 (1.18) 

NBj,t+1 -0.0058** (-2.54) 0.0111*** (4.89) -0.0006 (-0.29) 0.0057** (2.35) 

NBj,t 0.0098*** (4.89) 0.0022 (1.04) 0.0028 (1.48) -0.0252*** (-11.24) 

NBj,t-1 -0.0050** (-2.49) -0.0063*** (-2.92) -0.0052*** (-2.72) -0.0051** (-2.27) 

NBj,t-2 -0.0008 (-0.40) 0.0018 (0.83) 0.0014 (0.73) 0.0036 (1.61) 

NBj,t-3 0.0019 (1.03) 0.0004 (0.22) 0.0003 (0.17) 0.0053** (2.56) 

Adj. R 2 0.7215 
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Table A5: VAR results – excluding the futures returns 
This table presents the estimated parameters and the t-statistic of vector autoregression (VAR). The model is: 

3 3 3 3 3

, 1 1 , 1 , 1 , 1 , 1 , 11 1 1 1 1

3 3 3 3 3

, 2 2 , 2 , 2 , 2 , 2 , 21 1 1 1 1

, 3 3

e

e

s t i s t i i FI t i i D t i i DI t i i I t i ti i i i i

FI t i s t i i FI t i i D t i i DI t i i I t i ti i i i i

D t i s

R R NB NB NB NB

NB R NB NB NB NB

NB R

     

     

 

        

        

      

      

 

    
    

3 3 3 3 3

, 3 , 3 , 3 , 3 , 31 1 1 1 1

3 3 3 3 3

, 4 4 , 4 , 4 , 4 , 4 , 41 1 1 1 1

3

, 5 5 , 51

e

e

t i i FI t i i D t i i DI t i i I t i ti i i i i

DI t i s t i i FI t i i D t i i DI t i i I t i ti i i i i

I t i s t i ii

NB NB NB NB

NB R NB NB NB NB

NB R

   

     

  

        

        



    

      

  

    
    
 3 3 3 3

, 5 , 5 , 5 , 51 1 1 1
eFI t i i D t i i DI t i i I t i ti i i i

NB NB NB NB        
      

 

Rs,t represents the 30-minute TAIEX returns. NBFI,t, NBD,t, NBDI,t, and NBI,t represent the 30-minute TX net open buy of the foreign institutional traders, the 
futures dealers, the domestic institutional traders, and the individual traders, respectively. Estimates for the intercepts are not reported in this table. t-statistics 
are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. 
 Rs,t NBFI,t NBD,t NBDI,t NBI,t 

Rs,t-1 0.0364*** (3.35) 0.0210 (0.60) 0.3574*** (11.04) 0.2020*** (5.58) -0.1182*** (-3.63) 

Rs,t-2 0.0206* (1.89) 0.0462 (1.30) -0.0439 (-1.35) 0.0342 (0.94) 0.1178*** (3.61) 

Rs,t-3 0.0182* (1.70) 0.0899*** (2.58) -0.1591*** (-4.98) 0.0435 (1.22) -0.0024 (-0.08) 

NBFI,t-1 0.0052 (1.50) 0.3186*** (28.25) -0.0103 (-1.00) 0.0073 (0.64) -0.0026 (-0.25) 

NBFI,t-2 0.0063* (1.73) 0.1046*** (8.88) 0.0006 (0.06) -0.0195 (-1.61) -0.0318*** (-2.93) 

NBFI,t-3 0.0027 (0.79) 0.0503*** (4.48) 0.0273*** (2.65) -0.0182 (-1.58) 0.0335*** (3.24) 

NBD,t-1 0.0027 (0.73) -0.0365*** (-3.03) 0.3783*** (34.24) 0.0062 (0.50) 0.0561*** (5.05) 

NBD,t-2 -0.0006 (-0.15) -0.0066 (-0.51) 0.1243*** (10.56) -0.0326** (-2.48) -0.0138 (-1.17) 

NBD,t-3 0.0029 (0.79) -0.0154 (-1.31) 0.1121*** (10.40) -0.0149 (-1.23) 0.0241** (2.23) 

NBDI,t-1 0.0005 (0.16) 0.0100 (0.99) -0.0042 (-0.46) 0.2538*** (24.63) -0.0018 (-0.19) 

NBDI,t-2 0.0006 (0.20) -0.0033 (-0.32) -0.0013 (-0.14) 0.1097*** (10.38) -0.0090 (-0.95) 

NBDI,t-3 -0.0010 (-0.32) -0.0197** (-1.97) -0.0117 (-1.27) 0.0955*** (9.31) 0.0020 (0.22) 

NBI,t-1 0.0001 (0.02) 0.0329*** (2.69) 0.0317*** (2.83) -0.0078 (-0.62) 0.3849*** (34.19) 

NBI,t-2 -0.0147*** (-3.64) 0.0169 (1.29) -0.0297** (-2.47) -0.0229* (-1.70) 0.0988*** (8.17) 

NBI,t-3 0.0019 (0.50) -0.0374*** (-3.07) 0.0463*** (4.15) 0.0028 (0.22) 0.1472*** (13.11)  
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Table A6: VAR results – excluding the spot returns 
This table presents the estimated parameters and the t-statistic of vector autoregression (VAR). The model is: 

3 3 3 3 3

, 1 1 , 1 , 1 , 1 , 1 , 11 1 1 1 1

3 3 3 3 3

, 2 2 , 2 , 2 , 2 , 2 , 21 1 1 1 1

, 3 3

e

e

f t i f t i i FI t i i D t i i DI t i i I t i ti i i i i

FI t i f t i i FI t i i D t i i DI t i i I t i ti i i i i

D t i f

R R NB NB NB NB

NB R NB NB NB NB
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3 3 3 3 3

, 3 , 3 , 3 , 3 , 31 1 1 1 1

3 3 3 3 3

, 4 4 , 4 , 4 , 4 , 4 , 41 1 1 1 1

3

, 5 5 , 51

e

e

t i i FI t i i D t i i DI t i i I t i ti i i i i

DI t i f t i i FI t i i D t i i DI t i i I t i ti i i i i

I t i f t i ii

NB NB NB NB

NB R NB NB NB NB

NB R

   

     

  

        

        



    

      

  

    
    
 3 3 3 3

, 5 , 5 , 5 , 51 1 1 1
eFI t i i D t i i DI t i i I t i ti i i i

NB NB NB NB        
      

 

Rf,t represents the 30-minute TX returns. NBFI,t, NBD,t, NBDI,t, and NBI,t represent the 30-minute TX net open buy of the foreign institutional traders, the futures 
dealers, the domestic institutional traders, and the individual traders, respectively. Estimates for the intercepts are not reported in this table. t-statistics are 
presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively. 
 Rf,t NBFI,t NBD,t NBDI,t NBI,t 

Rf,t-1 0.0709*** (6.60) -0.0713** (-2.21) 0.4814*** (16.42) 0.1544*** (4.68) -0.0299 (-1.01) 

Rf,t-2 0.0152 (1.40) -0.0093 (-0.28) -0.0282 (-0.95) 0.0569* (1.70) 0.1091*** (3.63) 

Rf,t-3 -0.0015 (-0.14) 0.0301 (0.94) -0.1371*** (-4.69) 0.0418 (1.27) 0.0291 (0.99) 

NBFI,t-1 -0.0009 (-0.25) 0.3206*** (28.42) -0.0193* (-1.88) 0.0047 (0.41) -0.0016 (-0.16) 

NBFI,t-2 0.0140*** (3.55) 0.1047*** (8.88) 0.0052 (0.48) -0.0183 (-1.52) -0.0349*** (-3.22) 

NBFI,t-3 0.0035 (0.92) 0.0508*** (4.53) 0.0257** (2.51) -0.0191* (-1.66) 0.0337*** (3.26) 

NBD,t-1 0.0029 (0.73) -0.0240** (-1.99) 0.3630*** (33.16) 0.0093 (0.75) 0.0441*** (3.97) 

NBD,t-2 0.0003 (0.08) -0.0039 (-0.30) 0.1283*** (11.07) -0.0380*** (-2.92) -0.0096 (-0.81) 

NBD,t-3 0.0024 (0.61) -0.0153 (-1.31) 0.1133*** (10.69) -0.0135 (-1.13) 0.0227** (2.12) 

NBDI,t-1 -0.0054 (-1.62) 0.0134 (1.33) -0.0089 (-0.98) 0.2538*** (24.61) -0.0038 (-0.41) 

NBDI,t-2 0.0060* (1.73) -0.0021 (-0.21) 0.0018 (0.19) 0.1099*** (10.38) -0.0096 (-1.01) 

NBDI,t-3 -0.0027 (-0.81) -0.0193* (-1.92) -0.0132 (-1.45) 0.0953*** (9.28) 0.0023 (0.25) 

NBI,t-1 -0.0106*** (-2.60) 0.0352*** (2.88) 0.0320*** (2.88) -0.0060 (-0.48) 0.3811*** (33.89) 

NBI,t-2 -0.0070 (-1.60) 0.0149 (1.14) -0.0231* (-1.94) -0.0227* (-1.69) 0.1013*** (8.39) 

NBI,t-3 0.0032 (0.80) -0.0388*** (-3.18) 0.0426*** (3.84) 0.0020 (0.16) 0.1495*** (13.32)  
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Table A7: Granger test I 

This table presents the Granger test of VAR model in Table 3.6. 

Dependent variable Null hypothesis Chi-square 

Rs,t δ1i =0, for i=1, 2, 3 445.82*** 

 η1i =0, for i=1, 2, 3 6.65* 

 μ1i =0, for i=1, 2, 3 2.37 

 π1i =0, for i=1, 2, 3 1.08 

 ω1i =0, for i=1, 2, 3 10.36** 

 δ1i =η1i =μ1i =π1i =ω1i =0, for i=1, 2, 3 495.66*** 

Rf,t γ2i =0, for i=1, 2, 3 5.74 

 η2i =0, for i=1, 2, 3 20.72*** 

 μ2i =0, for i=1, 2, 3 1.89 

 π2i =0, for i=1, 2, 3 4.91 

 ω2i =0, for i=1, 2, 3 16.16*** 

 γ2i =η2i =μ2i =π2i =ω2i =0, for i=1, 2, 3 65.61*** 

NBFI,t γ3i =0, for i=1, 2, 3 55.95*** 

 δ3i =0, for i=1, 2, 3 52.85*** 

 μ3i =0, for i=1, 2, 3 14.73*** 

 π3i =0, for i=1, 2, 3 5.16 

 ω3i =0, for i=1, 2, 3 16.35*** 

 γ3i =δ3i =μ3i =π3i =ω3i =0, for i=1, 2, 3 100.20*** 

NBD,t γ4i =0, for i=1, 2, 3 28.14*** 

 δ4i =0, for i=1, 2, 3 169.95*** 

 η4i =0, for i=1, 2, 3 9.15** 

 π4i =δ3i =0, for i=1, 2, 3 3.58 

 ω4i =0, for i=1, 2, 3 31.51*** 

 γ4i =δ4i =η4i =π4i =ω4i =0, for i=1, 2, 3 367.85*** 

NBDI,t γ5i =0, for i=1, 2, 3 8.06** 

 δ5i =0, for i=1, 2, 3 1.15 

 η5i =0, for i=1, 2, 3 7.97** 

 μ5i =0, for i=1, 2, 3 14.46*** 

 ω5i =0, for i=1, 2, 3 5.91 

 γ5i =δ5i =η5i =μ5i =ω5i =0, for i=1, 2, 3 59.59*** 

NBI,t γ6i =0, for i=1, 2, 3 36.44*** 

 δ6i =0, for i=1, 2, 3 25.36*** 

 η6i =0, for i=1, 2, 3 15.01*** 

 μ6i =0, for i=1, 2, 3 35.49*** 

 π6i =0, for i=1, 2, 3 1.20 

 γ6i =δ5i =η5i =μ5i =π5i =0, for i=1, 2, 3 114.93*** 
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Table A8: Granger test II 

This table presents the Granger test of VAR model in Table A5. 

Dependent variable Null hypothesis Chi-square 

Rs,t η1i =0, for i=1, 2, 3 11.47*** 

 μ1i =0, for i=1, 2, 3 1.86 

 π1i =0, for i=1, 2, 3 0.14 

 ω1i =0, for i=1, 2, 3 18.66*** 

 η1i =μ1i =π1i =ω1i =0, for i=1, 2, 3 47.65*** 

NBFI,t γ2i =0, for i=1, 2, 3 8.87** 

 μ2i =0, for i=1, 2, 3 22.07*** 

 π2i =0, for i=1, 2, 3 4.86 

 ω2i =0, for i=1, 2, 3 16.32*** 

 γ2i =μ2i =π2i =ω2i =0, for i=1, 2, 3 47.10*** 

NBD,t γ3i =0, for i=1, 2, 3 145.68*** 

 η3i =0, for i=1, 2, 3 8.05** 

 π3i =0, for i=1, 2, 3 2.55 

 ω3i =0, for i=1, 2, 3 30.91*** 

 γ3i =η3i =π3i =ω3i =0, for i=1, 2, 3 194.49*** 

NBDI,t γ4i =0, for i=1, 2, 3 33.96*** 

 η4i =0, for i=1, 2, 3 7.59* 

 μ4i =δ3i =0, for i=1, 2, 3 13.92*** 

 ω4i =0, for i=1, 2, 3 6.15 

 γ4i =η4i =μ4i =ω4i =0, for i=1, 2, 3 58.43*** 

NBI,t γ5i =0, for i=1, 2, 3 26.32*** 

 η5i =0, for i=1, 2, 3 14.98*** 

 μ5i =0, for i=1, 2, 3 42.30*** 

 π5i =0, for i=1, 2, 3 1.12 

 γ5i =η5i =μ5i =π5i =0, for i=1, 2, 3 89.34*** 
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Table A9: Granger test III 

This table presents the Granger test of VAR model in Table A6. 

Dependent variable Null hypothesis Chi-square 

Rf,t η1i =0, for i=1, 2, 3 19.31*** 

 μ1i =0, for i=1, 2, 3 1.78 

 π1i =0, for i=1, 2, 3 4.86 

 ω1i =0, for i=1, 2, 3 16.44*** 

 η1i =μ1i =π1i =ω1i =0, for i=1, 2, 3 59.83*** 

NBFI,t δ2i =0, for i=1, 2, 3 5.78 

 μ2i =0, for i=1, 2, 3 11.61*** 

 π2i =0, for i=1, 2, 3 5.05 

 ω2i =0, for i=1, 2, 3 17.45*** 

 δ2i =μ2i =π2i =ω2i =0, for i=1, 2, 3 43.99*** 

NBD,t δ3i =0, for i=1, 2, 3 289.20*** 

 η3i =0, for i=1, 2, 3 9.53** 

 π3i =0, for i=1, 2, 3 3.84 

 ω3i =0, for i=1, 2, 3 29.84*** 

 δ3i =η3i =π3i =ω3i =0, for i=1, 2, 3 338.72*** 

NBDI,t δ4i =0, for i=1, 2, 3 27.04*** 

 η4i =0, for i=1, 2, 3 7.77* 

 μ4i =δ3i =0, for i=1, 2, 3 16.04*** 

 ω4i =0, for i=1, 2, 3 5.62 

 δ4i =η4i =μ4i =ω4i =0, for i=1, 2, 3 51.49*** 

NBI,t δ5i =0, for i=1, 2, 3 15.26*** 

 η5i =0, for i=1, 2, 3 16.43*** 

 μ5i =0, for i=1, 2, 3 29.36*** 

 π5i =0, for i=1, 2, 3 1.54 

 δ5i =η5i =μ5i =π5i =0, for i=1, 2, 3 78.20*** 
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Chapter IV 

Conclusions 

In this dissertation I investigate the effects of market friction on the asset prices. 

Two topics are included in this dissertation. In the first topic I study the impact of 

communication barriers among potential lenders on the contract terms in the U.S. 

syndicated loan market. In the second topic I examine market microstructure effects 

on lead-lag relationships between Taiwan futures returns, futures volume, and spot 

returns. 

In the first topic, two cases are used to model lenders’ interactions. My purpose 

is to explore how informational segmentation among lenders would result in cascade 

effect, which in turn affects the loan spreads and other contract terms. I also 

empirically test the model’s predictions. 

The first case is the benchmark case where it assumes all potential lenders can 

freely share their information with each other. The second one is the cascade case in 

which it assumes each potential lender can only observe the decisions of her 

predecessors. If potential lenders only have imperfect signals, the actions of their 

predecessors are important information for evaluating a loan. The model shows that if 

lead bank is rational and risk-neutral, the probability of syndication failures is always 

positive under the benchmark case but is zero under the cascade case. This results in 

lower ex-ante financing cost under the cascade case. However, the ex-post interest 

rate will be higher under this case. The intuition is that in the cascade case the lead 

bank will increase the interest rate to elicit a positive cascade and make failure 

become impossible. 
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To empirically test the models’ predictions, physical distance and relational 

distance are used to proxy for segmentation of communication among lenders. I use 

average path length and clustering coefficient, which are both from the analysis of 

syndication networks, to gauge the relational distance. The larger distance represents 

the communication or information is more segmented among lenders. The results 

show that the physical distance doest not support the predictions, but the relational 

distance does. I argue that the physical distance is not a good proxy due to innovations 

in technology, transportation, and communication. The relational distance is a good 

proxy because the influence of network structures on information dissemination and 

transmission is well-known. 

In the second topic, I explore the intraday information-based relation between 

the futures market and the spot market. I not only observe the lead-lag relationship 

between the TX returns, TX trading activity, and TAIEX returns in the overall market, 

but also categorize the traders in the futures market into foreign institutional traders, 

futures dealers, domestic institutional traders, and individual traders, and conduct a 

deep research of whether there exists different information content among four types 

of traders for the spot and the futures markets. 

In the overall market, I discover that futures market leads the spot market. 

This leading relationship, however, is only reflected in the price movements, but not 

in the overall trading activity of the futures contracts. That is, the TX returns one-way 

lead the TAIEX returns, but the overall TX net open buy lags the TAIEX returns. If 

the types of the trading source are not distinguished, there is no information leading 

effect in both futures price and spot price only through observing the overall TX net 

open buy. 

When the futures traders are partitioned into four categories, I find that the TX 

returns still lead the TAIEX returns. The leading relationship, however, is no longer a 
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one-way relationship, but an asymmetric feedback relationship, that is, the TX returns 

strongly lead the TAIEX return, and the TAIEX returns weakly lead the TX returns. 

In addition, in the four types of the futures traders, I find that the foreign 

institutional traders’ trading activity has predictive power for both the TX returns and 

the TAIEX returns, The net open buy of the foreign institutional traders has a 

one-way leading relationship with the TX returns, but appears two-way feedback 

relationship with the TAIEX returns. There only exists information lagged effect and 

no leading effect from the trading activity of the futures dealers, domestic institutional 

traders, and the individual traders to both the futures and the spot returns. 

The results suggest that informed traders do choose to trade in the futures market, 

which makes the information flow from the futures market to the spot market. In 

particular, the foreign institutional traders more tend to be the informed traders in the 

futures market. Due to the market share of the foreign institutional traders is low in 

the futures market (7.76%), even though the informed trades in the futures market can 

easily be seen from the leading relation of the futures price changes, it can hardly be 

seen from the overall market trading activity. This implies that using the overall 

market’s trading volume as the analysis basis may result in an inaccurate result. 
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