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Abstract

In this paper, I study two research questions: how underwriter network affects firm

network through IPO process and how firm network affects issuer post-IPO stock mar-

ket performance. To address the two research questions, I construct firm and under-

writer network based on sharing the same institutional shareholders and cooperating

in the same syndicate, respectively. The networks are measured by network centrality

measures from social network analysis (SNA): degree, eigenvector, closeness and be-

tweenness. I then adopt regression models with these centrality measures. Empirical

results indicate that an issuer is significantly more central in its public firm network if

this issuer is led by a bookrunner through IPO process that is more central in its un-

derwriter network. The effect of firm network on issuer post-IPO market performance

is significant. An issuer with higher network centrality will achieve higher holding

period return and higher monthly average trading volume in the first post-IPO year,

while an issuer with higher eigenvector centrality has lower holding period return in

the third post-IPO year. To analyze the source of underwriter network effect on firm

performance, I run a specification by adding underwriter network centralities along

with firm network centralities to the analyses of firm post-IPO market performance.

I also find that the effect of underwriter network on firm performance that is docu-

mented in literature can be mainly attributed to the effect of underwriter network on

firm network.
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1 Introduction

Network structure and network content are important factors for various aspects of network

outcomes (e.g. see Burt (2000), Cohen and Frazzini (2008)). A network of entrepreneurial

firms may affect accounting-based performance, market-based performance for public firms,

or innovation and technology change, and so forth (e.g. see Deeds and Hill (1996), Cohen

and Frazzini (2008), Ahern (2013)). Moreover, the network of entrepreneurial firms can be

affected by other network, such as the underwriter network. Previous literature on inter-

firm network focus on firm linkages as mergers, acquisitions, R&D alliances, customers and

suppliers (e.g. Bengtsson and Kock (2000), Cohen and Frazzini (2008), Ahern and Harford

(2014)). This paper studies the effect of underwriter network on firm network and the effect

of firm network on firm post-IPO performance.

In an initial public offering (IPO), two main parties involved are issuer (the firm that

goes public) and bookrunner or lead underwriter (the investment bank that leads the IPO

process and provides underwriting services for the issuer). Firms form linkages if they share

the same large institutional holders. Intuitively, effectiveness of such linkages exists because

of the two potential roles played by institutional holders: decision makers that can affect

firm’s management decisions or financial policies by setting board members in the firm, and

paths along which the information of firms diffuse. Therefore, firm performance is poten-

tially affected by its position in firm network. Underwriters form linkages if they cooperate

in the same syndicate in the previous five years before IPO. Such linkages are effective be-

cause underwriters share their high-net-worth investor sources in the syndicate during the

process of book building and road shows. Book building is a practice by which bookrunner

collects confidentially bids from institutional holders at various prices and disseminates noisy

information about the issuer to these holders. As such, one can expect that a more central

bookrunner in its underwriter network can potentially induce more institutional holders to

buy shares from the issuer.
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Figure 1: Timing of Initial Public Offering

The objective of this paper is to analyze how the central position of a bookrunner in its

underwriter network affects the position of an issuer in its public firm network in IPO process,

and to study how the established position of the issuer in public firm network influences its

post-IPO market performance. In the existing literature, effect has been seen of underwriter

network on firm IPO performance (Bajo, Chemmanur, Simonyan, and Tehranian (2016)).

Nevertheless, the mechanism of underwriter network on firm performance is unclear. To

further investigate the mechanism behind the effect, I study two research questions. The

first question I analyze is how underwriter network affects firm network through IPO process.

During book running process, bookrunner can induce institutional holders to pay attention

to the firms it takes public by delivering noisy information to and collecting confidential

bids from institutional holders. Intuitively, a bookrunner with higher network centrality in

underwriter network has more sources on institutional holders, and can thus attract more

investor attention, leading to higher network centrality of the issuer it takes public. Second,

I examine how firm network affects issuer post-IPO market performance. Such effect could

exist because institutional holders can affect firm’s management decision and financial policy

by setting board members. Moreover, institutional holders can deliver noisy information

related to the firm to other firms through actions they take, such as selling a firm’s shares

or buying new shares.

To empirically address the two questions, I first construct firm and underwriter network,

then use reduced form analysis. To construct the two networks, I use data from Thomson
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Reuters 13f institutional holdings and Thomson Reuters SDC New Issues Database. To cap-

ture firm performance, IPO characteristics, and firm characteristics, data from Center for

Research in Security Prices (CRSP) and Compustat are used. Firm network is constructed

by defining the linages between two firms based on if they share a same institutional holder.

Following the literature, I define underwriter network in the way that two underwriters are

linked if they ever cooperated in a same syndicate in the previous five years before IPO.

My dependent variables are three post-IPO stock market performance measures: average

monthly trading volume, holding period return in the first post-IPO year and holding period

return in the third post-IPO year. My controls are variables that capture firm characteristics,

IPO characteristics, and market environments. I adopt two regression models of network cen-

trality measures as independent variables. The centrality measures are degree, eigenvector,

closeness, and betweenness, from social network analysis (SNA). The first model is a lin-

ear regression of firm network centralities on underwriter networks centralities. The second

model is a linear regression of firm post-IPO performance on firm network centralities.

Empirical findings indicate that an issuer is significantly more central in its public firm

network if this issuer is led by a bookrunner through IPO process that is more central in

its underwriter network. For example, if a bookrunner has 40 more direct links with other

underwriters, the firm to be issued will have about 25 more links with other public firms. I

also find that the effect of firm network on issuer post-IPO market performance is significant

and twofold. For example, if issuer betweenness centrality increases from minimum value to

median value in the sample, the average monthly trading volume will significantly increase

by around 7%. However, if issuer eigenvector centrality increases, the holding period return

in the third year will significantly drop. To further investigate the source of the effect

of underwriter network on firm performance, I run a specification by adding underwriter

network centralities to the analyses of firm post-IPO performance. Empirical results show

that firm network still has significant effects on firm’s post-IPO stock market performance.

3



Furthermore, the scales of effects that come from firm network is much larger than that

that come from underwriter network. This finding indicates that the effect of underwriter

network on firm performance that is documented in literature could be attributed to the

effect of underwriter network on firm network.

This paper contributes to the existing literature of network effect in several aspects. First,

I extend underwriter network literature by showing that firm network is more powerful in pre-

dicting stock market performance. In existing literature, underwriter network has been seen

as an important predictor for issuer post-IPO performance (Bajo, Chemmanur, Simonyan,

and Tehranian (2016)). I show that the effect of underwriter network on firm performance

is generated by the effect of underwriter network on firm network. Furthermore, it has

been widely argued that favorable positions are regarded as network resources (Granovetter

(1985), Snehota and Hakansson (1995), Gulati (1999), Burt (2000)). However, there are also

abundant works on arguing that over-embeddedness in network can lead to inability to act

(Uzzi (1997), Gargiulo and Benassi (2000)). My results also show the two-sided effect of

being at favorable positions. An issuer with higher closeness centrality will achieve higher

holding period return in the first post-IPO year, while an issuer with higher eigenvector

centrality will have lower holding period return in the third post-IPO year.

Second, I construct inter-firm network in a novel way that based on common large insti-

tutional holders. By defining the linkages between two firms based on whether they share a

same institutional holder, I show the key roles played by institutional holders in the relation

between established firm network and firm stock market performance. Institutional holders

can affect firm’s management decision and financial policy by setting board members. Also,

institutional holders can deliver information that are related to the firm to other firms in the

network through actions they take, such as selling huge amount of shares of the firm. My

work adds a new dimension to the existing business network studies. In the related litera-

ture, firm networks are defined in various ways. Previous research on inter-firm network has
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focused on firm linkages as mergers, acquisitions, R&D alliances, customers and suppliers,

and so forth. Some researchers study firm networks in the concept of social networks where

relationships with other firms are based on strong personal relationships with individuals

such as friends, relatives, long-standing colleagues and so forth (Dubini and Aldrich (1991),

Lipparini and Sobrero (1997), Ardichvili, Cardozo, and Ray (2003),Lechner, Dowling, and

Welpe (2006), Cooper (2017)). There are also works on reputational networks that made up

of partner firms that are market leaders (Lechner, Dowling, and Welpe (2006), Dietz (2012)),

and co-operative technology networks that technology alliances involve joint research and de-

velopment or innovation projects(Deeds and Hill (1996), Kelley and Rice (2002), Lechner,

Dowling, and Welpe (2006)). In recent literature, many researchers are interested in study-

ing the network structure of customer-supplier relationships (Bengtsson and Kock (2000),

Cohen and Frazzini (2008), Gao (2014), Ahern and Harford (2014)).

Third, this is one of the first papers to study how one network can affect another net-

work with totally different agents, to the best of the author’s knowledge. Such study is

important because network formation could be partly driven by other network as well as

the strategic decisions made by agents in the network per se. I study this relationship by

analyzing the impact of various network centrality measures characterizing bookrunners on

network centrality measures characterizing issuers. I show that bookrunner centralities have

significantly positive effects on issuer centralities. Many works in the literature study the

relation between network structure or network centrality with network outcomes (Hanna and

Walsh (2002)), Pappas and Wooldridge (2007), El-Khatib, Fogel, and Jandik (2015)). For

example, industries that are more central in the network of inter-sectoral trade earn higher

stock returns than industries that are less central (Ahern (2013)). Firm that goes public

with a lead underwriter that is more central in its investment bank network performs better

(Bajo, Chemmanur, Simonyan, and Tehranian (2016)). However, little work has been done

on analyzing the relation between one network structure with another network structure.
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My study fills in the gap.

Last, this paper potentially provides a new way to capture investor attention through

the construction of firm network. The linkage between two agents in the established firm

network is constructed in terms of whether the two agents share a same holder. A firm with

high degree centrality or eigenvector centrality is very likely to be held by many institutional

holders or held by few holders that hold many other firms’ shares, meaning that this firm

gains a lot of investor attention. As such, the degree centrality and eigenvector centrality

can be two good proxies for investor attention. Investor attention and investor inattention

are two topics that have been discussed and followed for decades (Hong and Stein (1999),

Huberman and Regev (2001), Hirshleifer and Teoh (2003), Peng and Xiong (2006), Barber,

Odean, and Zhu (2006)). In past studies, investor attention is characterized using prox-

ies, such as pre-IPO media coverage (Liu, Sherman, and Zhang (2014), Bajo, Chemmanur,

Simonyan, and Tehranian (2016)), past news and extreme past returns (Barber, Odean,

and Zhu (2006)). This paper potentially provides a new way to capture investor attention

through the construction of firm network. Furthermore, under my framework, with annually

updated data on institutional holdings, it is possible to get proxies for investor attention

over time.

The rest of the paper is organized as follows. Section 2 describes the data I use and presents

descriptive statistics on dependent variables and control variables. Section 3.1 introduces

the four measures, degree, eigenvector, closeness and betweenness, that characterize network

centralities. Section 3.2 and 3.3 introduces the basic regression models. Section 4 discusses

my empirical results and specifications. Section 5 discusses conclusions and future works.
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2 Data

In this section, I introduce the datasets as well as the sample selection rules. The data

comes from four main data sources: Thomson Reuters 13f institutional holdings, Thomson

Reuters SDC New Issues Database, Compustat and Center of Research on Security Prices

(CRSP).

The data on initial public offerings, are from the Thomson Reuters SDC New Issues

Database over the period January 1987 to December 2009. Following the literature, I exclude

firms in the financial sector with SIC code start from 6000 to 6999. Only issuances on new

common equities that processed in U.S. market are kept, limited to three exchange markets:

NASDAQ, AMEX and NYSE. Besides, following IPO literature, I exclude certain types of

security on trust Units, units, non-voting shares and spin-offs. Eventually, I get a sample

of IPO observations with size 3984. For each initial public offering, I observe the issuer

(known as the firm that goes public), the bookrunner (also known as the lead manager or

lead underwriter in the issuance of new equity) and the co-managers (that follow the IPO

process along with the bookrunner in a syndicate). Following the literature, the underwriter

network for each issuance observation is constructed by the chance of cooperation in the

same syndicate within five years. For example, if manager A and manager B worked in the

same syndicate within five years prior to the IPO issue date, then A and B are considered

connected.

The data on firm network are from the Thomson Reuters Institutional Holdings (13f)

Database over the period January 1987 to December 2009. Observations from Institutional

Holdings Database are matched with observations from SDC New Issues Database by Ticker

symbol and issue date. Eventually, 3078 issuer observations are matched to New Issue

Database. For each record, I observe the firm’s name and the firm’s institutional sharehold-

ers. For simplicity, I only keep the records on December 31th each year, since institutional
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holdings won’t change much within a year. For a calendar year, the firm network is con-

structed by the chance that two firms share a same institutional holder. For example, if firm

A has shareholders a and b, firm B has shareholders a and c, firm C has shareholder c, then

A and B, B and C are considered connected, but A and C are not.

The control variables and firm performance variables are from Thomson Reuters SDC

New Issues Database, the Center for Research in Security Prices (CRSP) and Compustat.

Observations from both CRSP and Compustat are matched with observations from SDC

New Issues database by Ticker symbol and issue date. Since the observations from different

sources are matched according to the same calendar year, the possibility of change in Ticker

symbol will not be problematic.

Summary statistics of control variables and firm performance variables are shown in Table 1

and Table 2, respectively. LnOffersize is the log of IPO issuing principal amount (in dollars).

HiTechDummy is an indicator variable that equals one if the firm is a high technology firm.

LnPrimaryShares is the log of the number of primary shares offered in the exchange market.

FilingWidth20Dummy is a dummy variable that equals one if the firm has a filing width

greater or equal to 20%. Here, filing width is defined as the ratio of the gap between high

filing price and low filing price to high filing price. MiddleFiling is defined as a unit divided

by the middle point of filing price range. AvgUnderpicing is the average underpricing of all

issuances in the prior month before the issue date of the underlying firm, where underpricing

is simply calculated as the difference between the offer price and closing price at the 1st

trading day. BMktshare is the market share of a bookrunner, computed as the ratio of the

issuance amounts that led by the same bookrunner in the prior five years to the total issuance

amounts processed in the prior five years before issue date. MktReturn is the value-weighted

return on CRSP index in the quarter of the firm’s issue date, which captures the market

environment of an IPO. LnAssets is the log of total assets of a firm in the last quarter of

the calendar year prior to the IPO issue date, which is a measure of firm size. OIBD/Asset
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is the firm’s operating income before dividends to total assets in the last quarter of the

calendar year before the IPO issue date. LnOffersize, HiTechDummy, LnPrimaryShares,

FilingWidth20Dummy, 1/MiddleFiling, AvgUnderpicing and BMktshare are computed by

using SDC New Issues Database. MktReturn is computed from CRSP Database. LnAssets

and OIBD/AssetAdj are calculated based on the data I get from Compustat.

In the literature, there are various ways to capture firm post-IPO stock market perfor-

mance. In this paper, I use LnTurnover, HPR1, and HPR3 as the three market-based

performance measures that obtained from CRSP dataset. LnTurnover is the log of average

monthly share volumes traded in the first post-IPO year. HPR1 and HPR3 are the holding

period return of the issuer’s stock in the first post-IPO year and in the third post-IPO year,

respectively.

3 Model

In this section, I introduce the centrality measures that characterize the position of an

agent in one network. There are four measures from social network analysis (SNA) that

are included in my models: degree, eigenvector, closeness and betweenness. To address

the first research question, I analyze a linear regression model with bookrunner centrality

measures as independent variables and firm centrality measures as dependent variables. To

address the second research question, I adopt a linear regression model with firm centrality

as independent variables and firm stock market performance as dependent variables.

3.1 Measures characterizing network centrality

In this paper, a network consists of two components: vertices that represents agents and

edges that represents the linkages between agents. Especially, an ego is used to represent the

agent whose centrality importance is being analyzed, and an alter to represent the agents
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who are directly connected to the ego. The network can be either directed or undirected,

depending on whether I distinguish the two connected vertices. In this paper, I only consider

undirected network, meaning there is no distinction between the two vertices associated with

each edge. Besides, I only consider unweighted network where all the edges are equally

important.

Before measuring the importance of a vertex in a network, an adjacency matrix is needed.

In an adjacency matrix, the ij-th element in the matrix equals to 1 if the i-th agent is

connected with the j-th agent, and equals to 0 if they are not connected. Based on the

corresponding adjacency matrix, I can calculate several measures that reflect the vertex

importance in the network. These measures are known as network centrality, which are

widely used in the field of social network analysis (SNA). In this paper, I use four differ-

ent centrality measures: degree, eigenvector, closeness, and betweenness. Degree centrality

and eigenvector centrality are the two centrality measures that are constructed based on

direct links to the ego; while closeness centrality and betweenness centrality are the two

measures obtained based on all the direct and indirect links to the ego. Because of the

difference, degree centrality and eigenvector centrality are good measures for characterizing

local importance of the ego; while closeness centrality and eigenvector centrality are used

for capturing global importance of the ego. Details on these four measures are introduced

in the following subsections.

3.1.1 Degree

Degree is the simplest and most straightforward centrality measure that counts the number

of edges directly connected to the ego. For a network with N vertices and adjacency matrix

A, the degree of ego i, denoted as di, is represented mathematically as:

d′i =
N∑
j 6=i

aij
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Degree can be interpreted as the immediate risk for a vertex to catch information that

flows through a network. For example, an ego with a larger degree centrality is exposed

to more pathways that linked to its alters, hence the ego catches more information from

its alters. To enable comparison on the degree centralities of two vertices from networks

with different sizes, degree centrality is usually normalized by dividing the total number of

potential direct links to the ego, N − 1.

di =
1

N − 1

N∑
j 6=i

aij (1)

3.1.2 Eigenvector

Eigenvector is another measure that characterizes the local centrality of a vertex. Different

from degree centrality that treats every direct connections to the ego equally, eigenvector

highlights the differences in influence level of each connections. This measure assigns relative

scores to all vertices in the network so that high-scoring vertices are more influential than low-

scoring vertices. Then a high eigenvector for a vertex indicates that this vertex is connected

to alters that are well-connected. The assigned score for a vertex i is given in the following

way:

ei =
1

λ

∑
j∈N(i)

ej

, where N(i) is the set of all the alters or neighbors to the ego i and λ is a constant. If the

network G has an adjacency matrix A = (aij), then the assigned score can be written as:

ei =
1

λ

∑
j∈G

aijej (2)

If the centrality vector for the network is defined as e = (e1, e2, ..., ei, ..., eN)′, I can rewrite

the above equation in a matrix form:

λ · e = A · e
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Clearly, e is an vector of matrix A with eigenvalue λ. Then by the Perron-Frobenius

theorem that asserts a real square matrix with nonnegative entries has a unique largest

real eigenvalue and that the corresponding eigenvector can be chosen to have nonnegative

components. The normalized eigenvector corresponding to the unique largest eigenvalue of

the adjacency matrix is defined as the eigenvector centrality.

3.1.3 Closeness

Closeness is a centrality measure that is defined based on the concept of network paths,

whereas degree centrality and eigenvector centrality are both defined based on direct con-

nections. Closeness centrality tells us the extent to which a vertex is closer to all the other

reachable vertices in a network either directly or indirectly. It is defined as the reciprocal

of the average geodesic distance (known as the shortest path between a specified pair of

vertices) between the ego and all of its reachable vertices:

c′i =
1∑

j 6=i d(i,j)

|R(i)|2
∈ (0, 1),

where R(i) is the set of all reachable vertices of the ego i in the network and |·| gives us the

cardinality of this set. Besides, d(i, j) denotes the geodesic path between i and j.

To enable comparison between two networks with different sizes, the normalized expression

of closeness centrality is given by:

ci =

(
|R(i)|
N − 1

)2
1∑

j 6=i d(i, j)
. (3)

According to the definition, it is clear that a higher closeness centrality of a vertex indicates

a lower average distance of this vertex to all the other reachable vertices, hence the more

central the vertex is. High closeness centrality can be interpreted as high chance of receiving

information in a timely way.
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3.1.4 Betweenness

Another measure that is defined based on the concept of network paths is betweenness

centrality. This measure reflects how often an underlying vertex to occur on a randomly

chosen shortest path between two randomly chosen vertices in a network. It is represented

mathematically as:

b′i =
∑
j,k 6=i

njk(i)

Njk

,

where Njk is the total number of shortest paths from j to k and njk(i) is the number of

shortest paths from j to k that pass through the ego i.

Similarly, I need a normalized form of betweenness to enable comparison of two networks

with different sizes, which is given in the following way:

bi =
b′i(

N−1
2

) =
2bi

(N − 1)(N − 2)
. (4)

A vertex with higher betweenness links together vertices who are otherwise unconnected

or remotely connected, hence creating more chances to explore information or to influence

the spread of information through the network.

3.2 Effect of one network on another network

There are two networks in my model. One is the firm network, generally denoted as

Gf ≡ (V f , Ef ), where V f is the set of all the firms that reported their institutional holders

and Ef is the set of edges, which are 2-element subsets of V f ≡ (vf1 , v
f
2 , ...v

f
N)′. The other

is the underwriter network, denoted as Gu ≡ (V u, Eu), where V u ≡ (vu1 , v
u
2 , ...v

u
M) is the

set of all underwriters that ever followed at least one IPO process during the underlying

time period and Eu is the set of associated edges. Since I only focus on the position of

the bookrunner (or the lead underwriter) in its underwriter network and in reality there are

some underwriters never led an IPO, I need a subset of V u: V B ⊆ V u. Similarly, I study the
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position of the issuers in the firm network, hence a subset of V f : V I ⊆ V f is needed. The

crucial step that connects firm network and underwriter network is initial public offering

(IPO). An IPO process is is defined as:

IPOk = (tk, v
I
k, v

B
k , V

f
k , V

u
k , H

I
k), k ∈ {1, 2, ..., K}, (5)

where tk is the IPO issue year, vIk is the so called issuer or the firm that went public and vBk

is the bookrunner or lead underwriter that led the IPO process for firm vIk. V u
k is the set of

all underwriters that worked for issuer vIk (known as the syndicate). V f
k is the set of all firms

that reported their institutional holders during the same issue year. Lastly, H represents

the set of institutional holders that held a firm’s stock shares. Specifically, HI
k is the set of

institutional holders that held large amount of common stock shares of firm vIk at the end of

its issue year.

The formal definitions of the two networks and network measures are given as below:

Definition 1 (Firm Network). In the k-th IPO year tk, the firm network is defined as,

Gf
k = (V f

k , E
f
k ), (6)

where V f
k = (vf1k, ..., v

f
ik, ..., v

f
nkk

) is the set of all firms that reported their shareholdings in the

calendar year tk. Let Af
k = (afijk), i, j ∈ {1, 2, ..., nk}, be the adjacency matrix of Gf

k, where

(1) afijk = 1 if i 6= j and Hik ∩Hjk 6= ∅, (2) afijk = 0 otherwise.

Here, firm network is defined according to each calendar year. The total set of agents

in firm network is the set of firms that reported their institutional holdings. The linkages

of two firms are defined based on if they share a same institutional holder in that specific

calendar year. For example, there are 3078 firms in the network in 2000 and the network

can be plotted as in Figure 3.
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Definition 2 (Underwriter Network). In the k-th IPO year tk, the underwriter network is

defined as,

Gu
k = (V ∗uk , E∗uk ), (7)

where V ∗uk ≡
⋃

k̃:tk−56tk̃6tk
V u
k̃

, interpreted as the set of underwriters that ever followed an

IPO process either as bookrunners or co-managers within the five years prior to tk. Let

Au
k = (auijk), i, j ∈ {1, 2, ...,mk}, be the adjacency matrix of Gu

k, where (1) auijk = 1 if ∃ some

k̃ such that tk − 5 6 tk̃ 6 tk, i 6= j, vuik ∈ V u
k̃

and vujk ∈ V u
k̃

, (2) auijk = 0 otherwise.

Here, underwriter network is defined according to each IPO observation. For a specific

date of IPO process, the linkage of two underwriters in the underwriter network is defined

based on if the two underwriters had worked in the same syndicate in the previous five years

before this IPO date. For example, the underwriter network that was constructed under the

IPO of Neoforma.com INC on January 24th, 2000, can be plotted as shown in Figure 5.

Definition 3 (Network Measures). In the k-th IPO, the measures that characterizing the

importance of issuer vIk in its network Gf
k is denoted as M(vIk):

M(vIk) = (d(vIk), e(vIk), c(vIk), b(vIk))′.

For simplicity, rewrite M(vIk) as M I
k :

M I
k = (dIk, e

I
k, c

I
k, b

I
k)′.

In the k-th IPO, the measures that characterizing the importance of bookrunner vBk in its

network Gu
k is denoted as M(vBk ):

M(vBk ) = (d(vBk ), e(vBk ), c(vBk ), b(vBk ))′.
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For simplicity, rewrite M(vBk ) as MB
k :

MB
k = (dBk , e

B
k , c

B
k , b

B
k )′.

In Definition 3, d(·), e(·), c(·), and b(·) are the degree centrality measure, the eigenvector

centrality measure, the closeness centrality measure, and the betweenness centrality measure,

respectively.

To study the relationship between firm network and underwriter network, I conduct a

linear regression model (in matrix forms):

M I = δ0 + δ1M
B + u, (8)

where

δ1 =



δd 0 0 0

0 δe 0 0

0 0 δc 0

0 0 0 δb


.

3.3 Effect of Network on Firm Performance

I am also interested in studying how firm network affects firm post-IPO performance as

well as the relationship between the two networks. To accomplish this goal, I conduct a

linear regression model as follow:

y = α0 +M I ′α1 + C ′α2 + ε1, (9)

where C is a vector of control variables.

α1 = (α1d, α1e, α1c, α1b)
′.
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A specification regression is conducted to show the robustness of regression results from

equation (5).:

y = β0 +M I ′β1 +MB ′β2 + C ′β3 + ε2, (10)

where

β1 = (β1d, β1e, β1c, β1b)
′, β2 = (β2d, β2e, β2c, β2b)

′.

4 Empirical Results

In this section, I present my main empirical results based on the methodology that was

introduced in Section 4. Table 3 and Table 4 report the summary statistics of both issuer

centralities and bookrunner centralities in our regression analyses in subsequent sections.

Table 5 presents the regression results of issuer network centralities on bookrunner network

centralities. It shows that all the four centrality measures of bookrunners have significantly

positive effects on the four measures of issuers, meaning that a bookrunner with higher

centralities in its underwriter network will help the associated issuer obtain higher centralities

as well in the firm network. If I control for firm size, firm operating ability, and some

other characteristics, the underwriter centrality measures still have significant effect on firm

centrality measures, except for eigenvector. Table 6 to Table 8 show the main regression

results of issuer Post IPO performances on issuer network centralities. The results show

that issuer network centralities do have some significantly positive impacts on the issuer

performances after they go public. Especially, the most predictable measure is betweenness

centrality, which characterizes an issuer’s global importance and the ability an issuer can

catch or control the information that pass through firm network. Table 9 to Table 11

present the specification studies on the regression of issuer post IPO performances on both

issuer centralities and bookrunner centralities. From these specifications, conclusions are

drawn that the impact of bookrunner centralities on issuer performance is much less than

the impact of issuer centralities on issuer performance. Details on interpretation of these
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regression results are given in the subsequent sub-sections.

4.1 Network Centralities Measures

The descriptive statistics presented in Table 3 summarize the network centrality measures

of issuers in their own firm networks. I use Fdegree, Feigenvector, Fcloseness and Fbetween-

ness to stand for each issuer’s degree centrality, eigenvector centrality, closeness centrality,

and betweenness centrality, respectively. Following Definition 1, the firm networks are ob-

tained by calendar year, leading to 23 different networks since there are 23 years in the

period of January 1987 to December 2009. As a result, I observe different network sizes for

different firm networks. To enable comparison on centralities from different networks, all the

measures are normalized.

The descriptive statistics shown in Table 4 summarize the network centrality measures of

bookrunners in their own underwriter networks.I use Udegree, Ueigenvector, Ucloseness and

Ubetweenness to stand for each observed bookrunner’s degree centrality, eigenvector central-

ity, closeness centrality, and betweenness centrality, respectively. I also need to normalize

all the four measures because it is clear that the underwriter network sizes also vary across

observations, by Definition 2.

The data on IPO records are from SDC New Issue Dataset from January 1982 to Deceme-

ber 2009, with sample size 4788. For each IPO record, I observe one issuer and its associated

bookrunner and co-managers. Based on these records, I can construct underwriter networks

in the period of January 1987 to Decemeber 2009, with sample size 3984. Unfortunately, not

all IPO issuers are recorded in the Thomson Reuters 13f dataset that reveals their institu-

tional holdings. Eventually, 3078 IPO issuers are matched with the 13f dataset, hence 3078

issuer centrality measures are observed.
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Interesting patterns are revealed if I plot issuer centralities and bookrunner centralities

in cumulative way, as shown in Figure 2. The degree centralities of issuers are larger than

the degree centralities of bookrunners at every cumulative density level. For example, at the

60% quantile, issuer centrality is around 0.9 while bookrunner centrality is only about 0.4.

Especially, there are almost 35% of bookrunners are isolated in their own networks, with

0 degree centralities, meaning they did not join any syndicates with other underwriters in

the past five years before it led an IPO. Besides, there are some issuers that have degree

close to 1, meaning they are connected to almost every other firms in the network. If I

examine the adjacency matrices that associated with the networks, I observe dense matrices

for firm network and relatively sparser matrices for underwriter network. The difference in

the density level come from the difference in defining the two networks. As for closeness

centrality, I observe a similar pattern to degree centrality that the closeness centralities of

issuers are larger than the closeness centralities of bookrunners at every cumulative density

level. The closeness centrality measures the average distance of an ego to all the other agents

it can reach, hence it can tell us to what extent an ego is close to other agents. On average,

the issuers are closer to other firms in their firm networks compared with the bookrunners

in their underwriter networks.

It is less meaningful to compare the scattered cumulative density diagram of eigenvector

between issuers and bookrunners, due to normalization. To get a unique corresponding

eigenvector for an adjacency matrix, the eigenvector is normalized so that the sum of all

components is 1. If two networks exhibit quite a difference in size, the eigenvectors will differ

a lot. In this paper, the firm network has a size of 3000 on average while the underwriter

network has a size of 400 on average. So when it comes to normalized eigenvector, clearly I

should observe much less scales in issuer eigenvector centralities. Similar scale issue happens

to betweenness centrality, too. Betweenness is normalized by dividing (N−1)(N−2), leading

to huge scale differences between the issuer betweenness centralities and the bookrunner
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betweenness centralities. Even though certain scale issue exists, our linear regression model

is still valid as long as careful examinations on the scale of each predicted coefficient are

conducted.

4.2 Firm and Underwriter Network Centralities

Table 5 presents the results from the four regression models in equation (4) with year

dummies. These regression results indicate, as expected, that the centralities of bookrunners

have significant positive effects on the centralities of issuers that go public. The intuition

behind this significant positive effects lies in book building, a process in which bookrunner

attempts to determine offer price for IPO based on the demand information they get from

institutional holders. During the book building process, it is true that a bookrunner will

contact some institutional holders that potentially will buy the new issuer’s stocks. It is

straight forward that if a bookrunner is in a central position of its underwriter network, then

it will have more sources on the institutional holders. Then the pool of institutional holders

the central bookrunner can contact to is obviously larger than that a remote bookrunner

can contact to. Furthermore, the possibility that the central bookrunner can persuade or

lead institutional holders to buy the issuer’s stock is higher than a remote bookrunner can

do. As such, a bookrunner that is central in its underwriter network will help the issuer that

goes pubic build more direct links to other firms or build closer relationship to other firms.

Careful interpretations on the predicted coefficients are needed due to scale issue argued

in section 5.2. The coefficient per se carries useless information on the scale of effect unless

the difference between the firm network size and underwriter network size are taken into

consideration. In the sample I use, most firm networks have size around 3000, while most

underwriter networks have size around 400. To interpret 0.0842, the coefficient of bookrun-

ner degree, I should scale up the network size. For example, if a bookrunner has 0.1 higher

degree centrality, meaning the bookrunner connects to 40 more other underwriters, then the
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corresponding issuer will have 0.00842 higher degree centrality, meaning the issuer will con-

nect to about 25 more public firms. Similarly, the coefficient 0.000557 should be interpreted

as the following way: if a bookrunner has 0.001 higher betweenness centrality, meaning it

occurs on about 160 more shortest paths between pairs of underwriters, then the issuer will

have 0.000000557 higher betweenness centrality, meaning the issuer will occur on 5 more

shortest paths between pairs of firms.

4.3 Firm Performance and Network Centralities

In this subsection, I study the relation between issuer centrality and five issuer post-IPO

performance measures. The three dependent variables are stock turnover rate, holding period

return in the first post-IPO year and holding period return in the third post-IPO year.

The independent variables in the regressions are issuer degree centrality, issuer eigenvector

centrality and issuer betweenness centrality. The closeness centrality is omitted because it

has a very strong co-linearity with eigenvector centrality. Two specifications are given by

dividing these four measures into two groups. One group contains degree and eigenvector,

which are the two measures that characterize the local centrality level of an issuer. The

other group includes closeness and betweenness, which are the two measures that are defined

based on paths, hence telling the global centrality level of an issuer. The regression results

are presented in Table 6 to Table 8.

To compare the effect on issuer performance driven by issuer centralities with that driven

by bookrunner centralities, I conduct specification regressions with both issuer centralities

and bookrunner centralities as independent variables. Similar specification on local central-

ities and global centralities are conducted too. The regression results can be found in Table

9 to Table 11.
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Clearly, besides the issuer network effect on issuer performance, issuer’s IPO characteristics

may also have non-negligible effects on the issuer post-IPO performance. I control for offer

size by including natural logarithm of IPO total principal amount (LnOffersize). I also con-

trol for amount of primary shares listed in the primary exchange market(LnPrimaryShares).

Both offer size and primary shares are likely to affect the post-IPO performances. Besides, I

include high-tech issuer dummy as a control variable. High-tech issuers are expected to have

higher valuations and yield better performance. The uncertainty about the value of IPO

shares to be issued is given by the dummy variable on whether the filing width is greater

than 20% (FilingWidth20Dummy). Filing width is defined as the percentage difference be-

tween high filing price and low filing price that reported by bookrunner. I also control for

reciprocal of the middle point of filing range, which capture the effect of the choice of price

level in IPO (MiddleFiling). I expect bookrunner that has higher market shares will be bet-

ter at leading an IPO process, hence leading to issuer’s better performance. So the market

share of bookrunner is also included as a control variable (BMktshare).

Besides, market environment at the time issuer goes public should be controlled. The

first control variable I use is the average underpricing in the prior month before IPO issue

date(AvgUnderpricing). This variable capture recent IPO environment by telling us whether

the market is a heating market with higher underpricing or not. The second control variable

I sue is the CRSP value weighted market return in the prior quarter before IPO (Mktreturn).

Furthermore, I add year dummies in every regression to control for year effects. As for

industry dummies, I conduct specification on whether industry dummies are added.

4.3.1 Centralities and Turnover Rate

I study the relation between issuer centrality and issuer stock turnover rate by running

regressions with issuer’s average monthly trading volume in the first calendar post-IPO year

as the dependent variable.
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The main regression results are shown in column 1 and column 2 of Table 6. Among the

centrality measures, only betweenness centrality is statistically significant and the impact of

betweenness on turnover rate is positive. The estimated coefficients exhibit little difference

if industry dummies are not included. The two groups specification results are shown in

column 3 to column 6. In the specification that I only include global centrality measures,

betweenness centrality still significantly and positively affect turnover rate, as expected.

Higher issuer betweenness centrality means that the issuer will occur more frequently on

the shortest paths of other pairs of firms. By lying on the shortest paths between others,

an issuer along with its institutional holders will catch information more efficiently and even

be able to control information diffusion. Here, the institutional holders play roles as signals

of such information by taking actions of selling issuer’s stocks or buying issuer’s stocks.

Therefore, there will be more frequent transactions on the stocks of the issuer.

For example, consider two firms A and B, between which there are only four shortest

paths with length 4. Firm X and Y are the two firms that occurs on the shortest paths, with

betweenness 3
4

and 2
4
, respectively. This means that firm X occurs three times on the four

shortest paths, while firm Y occurs two times on the four shortest paths. Suppose I hold

other measures the same for firm X and Y. If anything bad or good happened to firm A, the

institutional holders of firm A will directly take actions, either selling the shares or buying

more shares. Then the firms whose shares are held by those holders will also learn the fact

happened to firm A. Step by step, the information will move along the shortest paths till

firm B. Clearly, firm X with higher betweenness will be more likely to catch the information,

even to manipulate the diffusion and its stocks will be more likely to be traded than firm Y.

Furthermore, offer size and bookrunner market share have significantly positive effects on

turnover rate. Also, high-tech companies have significantly higher monthly average trading

volume than non high-tech companies.
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Table 11 presents the specification results of turnover rate on issuer and bookrunner cen-

tralities. It shows that the issuer betweenness is still positively significant. The bookrunner

betweenness is also positively significant, but its effect on turnover rate is less than the is-

suer’s. The effect magnitude is not straightforward if I only look at the coefficient because

the scale of centrality measures is not straightforwardly comparable. Based on the sample I

have, supposing both issuer betweenness and bookrunner betweenness change from minimum

value to median value, the turnover rate will increase by 7% driven by issuer betweenness,

but only 0.7% driven by bookrunner betweenness. These patterns tell us that, there are

two ways that bookrunner affects turnover rate: directly or through affecting issuer network.

Bookrunner centrality has very little direct effect on turnover rate. Instead, issuer centrality

plays an important role in issuer turnover rate.

4.3.2 Centralities and Holding Period Returns

I study the relation between issuer centrality and issuer stock holding period return by

running regressions with issuer’s annualized holding period return in the first post-IPO

calendar year as the dependent variable. Further, to show how this effect changes over

time, I also run a regression with issuer’s annualized holding period return in the third

post-IPO calendar year as the dependent variable.

The first regression results that I am interested in lie in column 5 and column 6 in Table 7.

The closeness centrality is significantly positive affecting the annualized industry-adjusted

holding period return, when I regress adj HPR1 only on global centrality measures. I did

not get significant centrality measures in column 1 and 2 because I omit closeness which has

co-linearity with eigenvector. The estimated coefficients exhibit little difference if industry

dummies are not included.

The second regression results that I am interested in are shown in column 1 and column 2,

Table 8. Here, dependent variable is the annualized industry-adjusted holding period return
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in the third post-IPO year. The closeness centrality is no longer significant and the effect

is also diminished to negative values. But instead, the eigenvector is statistically significant

and the impact of eigenvector on adj HPR3 is negative. In the specification where I regress

adj HPR3 only on local centrality measures, same results still hold. Also, the estimated

coefficients exhibit little difference if industry dummies are not included.

Higher issuer closeness means that the issuer is closer to all its reachable agents. One

possible explanation why issuer closeness has positive effect on holding period return in

the first post-IPO year is that, the closer the issuer to its reachable agents, the higher the

possibility it is exposed to risks, hence yielding higher return by the modern portfolio theory.

When it comes to the holding period return in the third post-IPO year, closeness is no

longer significant. Instead, eigenvector is negatively significant. Higher issuer eigenvector

means that the issuer is connected to alters that are well connected in the network. One

possible intuition is that, as time goes by, institutional holders’ attention may gradually

switch to those alters since they did well in the past two years. As such, it is likely that

these institutional holders will sell many of the issuer’s shares, leading to lower stock return.

Table 7 also shows that high-tech issuers have significant higher holding period return both

in the first post-IPO year and in the third post-IPO year than the non-high-tech issuers.

Bookrunner market share has a significantly positive effect on holding period return in the

first post-IPO year, but not significantly on holding period return in the third post-IPO year.

This pattern makes sense, since a bookrunner with higher market shares is likely to be better

at leading IPO, leading to higher return of the issuer, but eventually the effect will drop once

the bookrunner stops following the issuer. The filing width dummy exhibits a significantly

positive effect on holding period return. One possible reason is that a higher uncertainty

about the value of IPO shares to be issued implies a higher volatility in its stocks, hence

possibly leading to higher return.
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Table 10 and Table 11 show the specification results of holding period return on both issuer

and bookrunner centralities. Table 10 shows that issuer closeness is still positively significant,

while underwriter closeness is not significant at all. Instead, underwriter betweenness is

positively significant but with a low magnitude. Table 11 shows that issuer eigenvector is

still negatively significant, but none of the centrality measures of bookrunner is significant.

These patterns tell us that, bookrunner centrality has very little direct effect on holding

period return in the first post-IPO year, and no significant direct effect on the holding

period return in the third post-IPO year. Instead, issuer centrality play an important role

in issuer holding period return.

5 Conclusion

Network structure and network content have been seen as important factors for various

aspects of network outcomes in previous studies on network effect. In this paper, I show that

network structure can affect another network structure with totally different agents as well

as certain network outcomes. I can draw two main conclusions by adopting two regression

models of network centrality measures. First, an issuer is significantly more central in its

public firm network if this issuer is led by a bookrunner through IPO process that is more

central in its underwriter network. Second, the effect of firm network on issuer post-IPO

performance is significant and twofold. Moreover, in the specification regression, I show

that the effect of underwriter network on firm performance that was studied in literature is

actually generated by the effect of underwriter network on firm network. There are could be

two feasible and enlightening tasks to be considered as part of future works. One can think of

using weighted adjacency matrix instead of unweighted adjacency matrix to characterize firm

network under the concept of institutional holdings. By weighting the adjacency matrix with

different importance in linkages, one can tell whether a pair of firms are strongly connected

because they share a same institutional holder that holds huge amount of shares in both
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firms. Also, one can think of using the degree centrality of a firm, either from a weighted

adjacency matrix or an unweighted adjacency matrix, as a proxy for the ability in attracting

investor attention of this firm. Since there is annually collected data on institutional holdings,

it is possible to get proxies over time, hence to study how does investor attention could affect

firm performance.
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Tables

Table 1: Summary Statistics: Firm Post IPO performance

Variable Mean Std. Dev. Min. Max. Sample Size

LnTurnover 0.145 0.89 -4.943 3.633 3906

adj HPR1 0.176 0.961 -0.971 12.828 3764

adj HPR3 0.253 1.447 -1.24 37.735 3085

Table 2: Summary Statistics: Control Variables

Variable Mean Std. Dev. Min. Max. Sample Size

LnOffersize 19.774 1.049 15.607 24.502 3984

HiTechDummy 0.565 0.496 0 1 3984

LnPrimaryShares 15.043 0.764 11.695 18.789 3984

FilingWidth20Dummy 0.078 0.268 0 1 3984

MiddleFiling 0.133 0.554 0.009 16.667 2512

AvgUnderpricing -3.739 5.071 -31.171 11.435 3984

BMktshare 0.026 0.024 0.001 0.115 3984

MktReturn 0.013 0.037 -0.225 0.128 3731

LnAssets 2.906 1.68 -5.809 8.835 1652

OIBD/Asset 0.323 36.976 -402.3 1269.538 1364
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Table 3: Summary Statistics: Firm Network Measures

Variable Mean Median Std. Dev. Min. Max. Sample Size

Fdegree 0.777386 0.872529 0.232342 0.002933 0.985108 3078

Fcloseness 0.000361 0.000333 0.000111 0.000161 0.000662 3078

Fbetweenness 0.000038 0.000030 0.000037 0 0.000551 3078

Feigenvector 0.000399 0.000372 0.000163 0.000001 0.000790 3078

Table 4: Summary Statistics: Underwriter Network Measures

Variable Mean Median Std. Dev. Min. Max. Sample Size

Udegree 0.277028 0.241191 0.262007 0 0.774389 3984

Ucloseness 0.000126 0.000129 0.000117 0 0.000415 3984

Ubetweenness 0.003907 0.000719 0.005712 0 0.047903 3984

Ueigenvector 0.001703 0.001391 0.000796 0 0.003409 3984
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Table 5: Regression Results: Effect of Underwriter Centrality on Firm Centrality

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

Udegree 0.0847∗∗∗ 0.0501∗∗

(0.0157) (0.0246)

Ueigenvector 0.0140∗∗∗ 0.00453
(0.00307) (0.00462)

Ucloseness 0.0399∗∗∗ 0.0253∗

(0.0107) (0.0147)

Ubetweenness 0.000559∗∗∗ 0.000489∗∗∗

(0.000116) (0.000176)

LnAssets 0.0148∗∗∗ 0.00000784∗∗∗ 0.00000457∗∗∗ 0.00000340∗∗∗

(0.00440) (0.00000235) (0.00000113) (0.000000619)

OIBD/Asset 0.0000767 3.74e-08 1.93e-08 1.15e-08
(0.000153) (8.15e-08) (3.96e-08) (2.15e-08)

HiTechDummy 0.0254 0.0000139∗ 0.00000783∗ -0.000000199
(0.0157) (0.00000837) (0.00000406) (0.00000221)

AvgUnderpricing -0.000837 5.39e-09 2.04e-08 -9.54e-08
(0.00213) (0.00000113) (0.000000550) (0.000000299)

MktReturn -0.108 0.0000189 0.0000279 -0.0000160
(0.183) (0.0000975) (0.0000473) (0.0000257)

YearDummy YES YES YES YES YES YES YES YES

IndustryDummy YES YES YES YES YES YES YES YES

Constant 0.715∗∗∗ 0.000565∗∗∗ 0.000501∗∗∗ 0.0000618∗∗∗ 0.660∗∗∗ 0.000550∗∗∗ 0.000498∗∗∗ 0.0000485∗∗∗

(0.0313) (0.0000181) (0.00000871) (0.00000493) (0.0586) (0.0000317) (0.0000151) (0.00000821)
Sample Size 3078 3078 3078 3078 992 992 992 992
R2 0.069 0.390 0.683 0.107 0.095 0.437 0.717 0.190
adj. R2 0.061 0.385 0.680 0.098 0.065 0.419 0.707 0.163

Standard errors in parentheses

Dependent variable of Column 1 and 5 is firm degree centrality;Dependent variable of Column 2 and 6 is firm eigenvector centrality;Dependent variable of Column 3

and 7 is firm closeness centrality;Dependent variable of Column 4 and 8 is firm betweenness centrality.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 6: Regression Results: Effect of Firm Centralities on Turnover Rate

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

Fdegree 0.198 0.207 0.238 0.248
(0.204) (0.205) (0.204) (0.205)

Feigenvector -505.2 -543.4 -323.2 -363.0
(349.8) (350.8) (346.9) (347.8)

Fcloseness 0.329 -90.59
(327.0) (327.3)

Fbetweenness 1974.5∗∗∗ 1951.8∗∗∗ 1672.5∗∗∗ 1684.9∗∗∗

(572.5) (573.7) (574.8) (576.3)

LnOffersize 0.179∗∗∗ 0.182∗∗∗ 0.201∗∗∗ 0.203∗∗∗ 0.170∗∗∗ 0.174∗∗∗

(0.0503) (0.0505) (0.0501) (0.0502) (0.0503) (0.0504)

HiTechDummy 0.340∗∗∗ 0.333∗∗∗ 0.338∗∗∗ 0.333∗∗∗ 0.340∗∗∗ 0.333∗∗∗

(0.0404) (0.0374) (0.0405) (0.0375) (0.0404) (0.0374)

LnPrimaryShares -0.260∗∗∗ -0.269∗∗∗ -0.259∗∗∗ -0.268∗∗∗ -0.251∗∗∗ -0.261∗∗∗

(0.0691) (0.0692) (0.0693) (0.0694) (0.0690) (0.0692)

FilingWidth20Dummy 0.0449 0.0438 0.0551 0.0538 0.0429 0.0418
(0.0563) (0.0565) (0.0564) (0.0566) (0.0563) (0.0565)

MiddleFiling 0.0721 0.0737 0.0746 0.0764∗ 0.0758∗ 0.0775∗

(0.0456) (0.0458) (0.0457) (0.0459) (0.0456) (0.0457)

AvgUnderpricing -0.00610 -0.00910 -0.00630 -0.00930 -0.00655 -0.00949
(0.0105) (0.0105) (0.0105) (0.0105) (0.0105) (0.0105)

BMktshare 4.142∗∗∗ 4.366∗∗∗ 4.090∗∗∗ 4.311∗∗∗ 4.109∗∗∗ 4.347∗∗∗

(1.052) (1.051) (1.055) (1.054) (1.052) (1.051)

MktReturn -0.1000 -0.0438 0.00897 0.0637 -0.107 -0.0495
(0.556) (0.558) (0.557) (0.558) (0.556) (0.558)

YearDummy YES YES YES YES YES YES

IndustryDummy YES NO YES NO YES NO

Constant -1.005∗ -0.648 -1.453∗∗∗ -1.064∗∗ -1.101∗∗ -0.717
(0.552) (0.520) (0.538) (0.507) (0.561) (0.530)

Sample Size 1857 1857 1857 1857 1857 1857
R2 0.208 0.200 0.203 0.195 0.207 0.199
adj. R2 0.192 0.186 0.187 0.182 0.192 0.185

1. Dependent variable is LnTurnover, the monthly average trading volume in the first post-IPO year.

2. Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 7: Regression Results: Effect of Firm Centralities on HPR1

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

Fdegree -0.0487 -0.0326 -0.0334 -0.0172
(0.238) (0.239) (0.237) (0.238)

Feigenvector 240.4 197.7 309.8 266.7
(406.0) (407.5) (401.4) (402.9)

Fcloseness 688.1∗ 649.9∗

(377.1) (377.8)

Fbetweenness 750.2 744.2 457.7 452.2
(659.4) (661.0) (661.6) (663.6)

LnOffersize 0.0335 0.0349 0.0423 0.0434 0.0289 0.0302
(0.0580) (0.0582) (0.0575) (0.0577) (0.0579) (0.0581)

HiTechDummy 0.0927∗∗ 0.139∗∗∗ 0.0919∗∗ 0.139∗∗∗ 0.0924∗∗ 0.138∗∗∗

(0.0465) (0.0431) (0.0465) (0.0431) (0.0464) (0.0430)

LnPrimaryShares -0.0344 -0.0406 -0.0346 -0.0409 -0.0312 -0.0372
(0.0794) (0.0796) (0.0794) (0.0796) (0.0792) (0.0795)

FilingWidth20Dummy -0.0680 -0.0577 -0.0639 -0.0536 -0.0672 -0.0570
(0.0648) (0.0651) (0.0648) (0.0650) (0.0648) (0.0650)

MiddleFiling 0.0317 0.0320 0.0329 0.0332 0.0318 0.0323
(0.0523) (0.0525) (0.0523) (0.0525) (0.0522) (0.0524)

AvgUnderpricing -0.00248 -0.00119 -0.00255 -0.00126 -0.00303 -0.00178
(0.0122) (0.0122) (0.0122) (0.0122) (0.0122) (0.0122)

BMktshare 2.269∗ 2.519∗∗ 2.249∗ 2.497∗∗ 2.193∗ 2.453∗∗

(1.206) (1.206) (1.206) (1.206) (1.204) (1.204)

MktReturn 0.224 0.325 0.263 0.364 0.230 0.332
(0.640) (0.642) (0.639) (0.641) (0.639) (0.641)

YearDummy YES YES YES YES YES YES

IndustryDummy YES NO YES NO YES NO

Constant 0.155 0.180 -0.0178 0.0194 -0.0277 0.00216
(0.635) (0.600) (0.617) (0.583) (0.645) (0.610)

Sample Size 1834 1834 1834 1834 1834 1834
R2 0.082 0.072 0.081 0.071 0.083 0.073
adj. R2 0.064 0.056 0.063 0.056 0.065 0.057

1. Dependent variable is adj HPR1, the industry-adjusted holding period return in the first post-IPO

year.

2. Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8: Regression Results: Effect of Firm Centralities on HPR3

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

Fdegree 0.687 0.696 0.685 0.693
(0.454) (0.454) (0.454) (0.454)

Feigenvector -1460.6∗ -1483.3∗ -1483.5∗ -1519.1∗∗

(778.4) (778.4) (766.6) (766.6)

Fcloseness -724.9 -776.7
(703.3) (702.7)

Fbetweenness -194.9 -304.8 -204.9 -285.0
(1138.2) (1136.2) (1156.4) (1155.3)

LnOffersize -0.0229 -0.0105 -0.0251 -0.0139 -0.0316 -0.0191
(0.106) (0.106) (0.105) (0.105) (0.106) (0.106)

HiTechDummy 0.263∗∗∗ 0.237∗∗∗ 0.264∗∗∗ 0.237∗∗∗ 0.266∗∗∗ 0.241∗∗∗

(0.0836) (0.0765) (0.0835) (0.0764) (0.0835) (0.0763)

LnPrimaryShares 0.0262 0.0101 0.0261 0.00998 0.0382 0.0218
(0.144) (0.144) (0.144) (0.144) (0.144) (0.144)

FilingWidth20Dummy 0.344∗∗∗ 0.353∗∗∗ 0.343∗∗∗ 0.351∗∗∗ 0.339∗∗∗ 0.348∗∗∗

(0.116) (0.116) (0.116) (0.116) (0.116) (0.116)

MiddleFiling -0.0922 -0.0911 -0.0926 -0.0918 -0.0891 -0.0879
(0.102) (0.102) (0.102) (0.102) (0.102) (0.102)

AvgUnderpricing 0.00760 0.00436 0.00759 0.00434 0.00700 0.00387
(0.0230) (0.0230) (0.0230) (0.0230) (0.0231) (0.0230)

BMktshare 0.740 1.263 0.741 1.266 0.873 1.404
(2.125) (2.118) (2.124) (2.117) (2.125) (2.117)

MktReturn -0.775 -0.656 -0.786 -0.673 -0.801 -0.682
(1.141) (1.141) (1.139) (1.139) (1.142) (1.142)

YearDummy YES YES YES YES YES YES

IndustryDummy YES NO YES NO YES NO

Constant 0.0363 0.158 0.0840 0.228 0.0245 0.177
(1.120) (1.054) (1.084) (1.021) (1.143) (1.079)

Sample Size 1518 1518 1518 1518 1518 1518
R2 0.083 0.079 0.083 0.079 0.082 0.077
adj. R2 0.062 0.060 0.062 0.060 0.061 0.059

1. Dependent variable is adj HPR3, the industry-adjusted holding period return in the third post-IPO

year.

2. Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9: Specification Results: Effect of Firm Centralities on Turnover Rate

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

Fdegree 0.190 0.199 0.227 0.235
(0.205) (0.205) (0.205) (0.206)

Feigenvector -491.4 -529.0 -300.6 -339.1
(350.8) (351.8) (348.6) (349.5)

Fcloseness 3.168 -89.43
(327.0) (327.3)

Fbetweenness 1950.4∗∗∗ 1927.6∗∗∗ 1639.4∗∗∗ 1651.5∗∗∗

(572.2) (573.2) (574.1) (575.6)

Udegree -0.274∗ -0.284∗ -0.0982 -0.104
(0.158) (0.158) (0.146) (0.146)

Ueigenvector 42.30 44.83 32.41 35.27
(50.22) (50.33) (50.40) (50.51)

Ucloseness -524.9∗∗ -507.2∗

(264.9) (265.8)

Ubetweenness 10.60∗∗∗ 10.91∗∗∗ 9.665∗∗∗ 9.778∗∗∗

(4.004) (4.013) (3.689) (3.696)

LnOffersize 0.195∗∗∗ 0.198∗∗∗ 0.205∗∗∗ 0.208∗∗∗ 0.178∗∗∗ 0.182∗∗∗

(0.0511) (0.0513) (0.0508) (0.0510) (0.0505) (0.0506)

HiTechDummy 0.343∗∗∗ 0.337∗∗∗ 0.339∗∗∗ 0.334∗∗∗ 0.341∗∗∗ 0.336∗∗∗

(0.0405) (0.0375) (0.0407) (0.0376) (0.0404) (0.0374)

LnPrimaryShares -0.276∗∗∗ -0.285∗∗∗ -0.265∗∗∗ -0.274∗∗∗ -0.258∗∗∗ -0.267∗∗∗

(0.0699) (0.0701) (0.0701) (0.0703) (0.0692) (0.0694)

FilingWidth20Dummy 0.0494 0.0486 0.0568 0.0557 0.0436 0.0426
(0.0563) (0.0565) (0.0565) (0.0566) (0.0562) (0.0564)

MiddleFiling 0.0758∗ 0.0775∗ 0.0752 0.0770∗ 0.0785∗ 0.0800∗

(0.0456) (0.0458) (0.0458) (0.0460) (0.0455) (0.0457)

AvgUnderpricing -0.00673 -0.00964 -0.00642 -0.00942 -0.00741 -0.0103
(0.0105) (0.0105) (0.0105) (0.0105) (0.0105) (0.0105)

BMktshare 3.627∗∗∗ 3.817∗∗∗ 4.063∗∗∗ 4.268∗∗∗ 3.649∗∗∗ 3.846∗∗∗

(1.159) (1.160) (1.150) (1.151) (1.121) (1.122)

MktReturn -0.108 -0.0534 0.0127 0.0681 -0.106 -0.0504
(0.556) (0.557) (0.557) (0.559) (0.555) (0.557)

YearDummy YES YES YES YES YES YES

IndustryDummy YES NO YES NO YES NO

Constant -1.080∗ -0.737 -1.478∗∗∗ -1.094∗∗ -1.136∗∗ -0.758
(0.552) (0.522) (0.539) (0.509) (0.560) (0.530)

Sample Size 1857 1857 1857 1857 1857 1857
R2 0.211 0.203 0.203 0.195 0.210 0.202
adj. R2 0.194 0.189 0.187 0.181 0.194 0.188

1. Dependent variable is LnTurnover, the monthly average trading volume in the first post-IPO year.

2. Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 10: Specification Results: Effect of Firm Centralities on HPR1

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

Fdegree -0.0673 -0.0480 -0.0555 -0.0364
(0.238) (0.239) (0.238) (0.239)

Feigenvector 255.4 208.3 334.4 286.6
(407.3) (408.8) (403.0) (404.5)

Fcloseness 665.9∗ 628.7∗

(377.4) (378.2)

Fbetweenness 750.0 740.0 428.8 424.3
(659.2) (660.9) (661.4) (663.5)

Udegree -0.195 -0.177 -0.0788 -0.0645
(0.182) (0.182) (0.167) (0.168)

Ueigenvector 89.13 78.91 83.90 74.00
(57.72) (57.89) (57.69) (57.86)

Ucloseness -155.5 -144.9
(305.1) (306.4)

Ubetweenness 7.206 7.020 8.274∗ 7.891∗

(4.587) (4.601) (4.230) (4.239)

LnOffersize 0.0367 0.0379 0.0379 0.0391 0.0301 0.0311
(0.0589) (0.0591) (0.0583) (0.0585) (0.0582) (0.0583)

HiTechDummy 0.0895∗ 0.138∗∗∗ 0.0871∗ 0.135∗∗∗ 0.0908∗ 0.138∗∗∗

(0.0466) (0.0432) (0.0466) (0.0432) (0.0464) (0.0430)

LnPrimaryShares -0.0355 -0.0412 -0.0287 -0.0349 -0.0292 -0.0349
(0.0804) (0.0806) (0.0803) (0.0806) (0.0796) (0.0798)

FilingWidth20Dummy -0.0620 -0.0519 -0.0596 -0.0496 -0.0657 -0.0555
(0.0649) (0.0651) (0.0648) (0.0650) (0.0647) (0.0650)

MiddleFiling 0.0309 0.0312 0.0300 0.0304 0.0323 0.0326
(0.0523) (0.0525) (0.0523) (0.0525) (0.0522) (0.0524)

AvgUnderpricing -0.00321 -0.00171 -0.00295 -0.00152 -0.00355 -0.00217
(0.0122) (0.0122) (0.0122) (0.0122) (0.0122) (0.0122)

BMktshare 1.009 1.346 1.318 1.648 1.445 1.725
(1.330) (1.332) (1.314) (1.316) (1.285) (1.288)

MktReturn 0.222 0.321 0.272 0.372 0.220 0.320
(0.639) (0.642) (0.639) (0.641) (0.638) (0.641)

YearDummy YES YES YES YES YES YES

IndustryDummy YES NO YES NO YES NO

Constant 0.0634 0.0742 -0.0794 -0.0513 -0.0573 -0.0355
(0.636) (0.602) (0.618) (0.585) (0.645) (0.610)

Sample Size 1834 1834 1834 1834 1834 1834
R2 0.085 0.074 0.083 0.073 0.085 0.075
adj. R2 0.065 0.057 0.064 0.056 0.066 0.058

1. Dependent variable is adj HPR1, the industry-adjusted holding period return in the first post-IPO

year.

2. Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 11: Specification Results: Effect of Firm Centralities on HPR3

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

Fdegree 0.688 0.697 0.688 0.695
(0.455) (0.455) (0.454) (0.454)

Feigenvector -1447.4∗ -1472.1∗ -1472.6∗ -1509.8∗∗

(780.6) (780.7) (768.8) (768.9)

Fcloseness -706.8 -763.2
(704.6) (704.2)

Fbetweenness -195.2 -309.2 -191.4 -275.5
(1139.2) (1137.3) (1156.9) (1155.9)

Udegree 0.0580 0.0476 -0.0128 -0.00319
(0.324) (0.324) (0.298) (0.298)

Ueigenvector -61.14 -56.92 -57.51 -54.13
(105.0) (105.1) (104.8) (104.8)

Ucloseness 123.8 118.0
(550.8) (551.4)

Ubetweenness -4.429 -3.131 -7.072 -5.778
(8.023) (8.017) (7.463) (7.452)

LnOffersize -0.0194 -0.00670 -0.0174 -0.00721 -0.0322 -0.0197
(0.107) (0.107) (0.106) (0.106) (0.106) (0.106)

HiTechDummy 0.267∗∗∗ 0.238∗∗∗ 0.270∗∗∗ 0.241∗∗∗ 0.265∗∗∗ 0.240∗∗∗

(0.0840) (0.0769) (0.0838) (0.0767) (0.0836) (0.0765)

LnPrimaryShares 0.0189 0.00297 0.0153 0.000440 0.0356 0.0198
(0.146) (0.146) (0.146) (0.146) (0.145) (0.145)

FilingWidth20Dummy 0.341∗∗∗ 0.350∗∗∗ 0.340∗∗∗ 0.349∗∗∗ 0.338∗∗∗ 0.348∗∗∗

(0.116) (0.116) (0.116) (0.116) (0.116) (0.116)

MiddleFiling -0.0895 -0.0885 -0.0890 -0.0885 -0.0891 -0.0880
(0.102) (0.102) (0.102) (0.102) (0.102) (0.102)

AvgUnderpricing 0.00799 0.00452 0.00758 0.00425 0.00772 0.00439
(0.0230) (0.0230) (0.0230) (0.0230) (0.0231) (0.0231)

BMktshare 1.927 2.294 1.700 2.132 1.551 1.948
(2.357) (2.355) (2.320) (2.316) (2.280) (2.277)

MktReturn -0.769 -0.650 -0.785 -0.672 -0.789 -0.670
(1.142) (1.142) (1.140) (1.140) (1.142) (1.142)

YearDummy YES YES YES YES YES YES

IndustryDummy YES NO YES NO YES NO

Constant 0.115 0.236 0.140 0.288 0.0584 0.210
(1.124) (1.059) (1.088) (1.025) (1.144) (1.080)

Sample Size 1518 1518 1518 1518 1518 1518
R2 0.084 0.080 0.084 0.079 0.082 0.078
adj. R2 0.061 0.058 0.062 0.060 0.060 0.058

1. Dependent variable is adj HPR3, the industry-adjusted holding period return in the third post-IPO

year.

2. Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure 2: Network Centralities
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Figure 3: Firm Network in Year 2000

In 2000, there are 3037 public firms in the network. This figure plots the 3037 nodes and associated edges.
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Figure 4: Firm Network in Year 2000: Subgraph of 50 Firms

In 2000, there are 3037 public firms in the network. This figure plots the first 50 nodes and associated edges.
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Figure 5: Underwriter Network in Year 2000

This figure plots the underwriter network at the date of January, 24th, 2000, when firm Neogorma.com INC went public on Nasdaq.
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