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ABSTRACT
This study seeks to investigate how firms can better recover from the aftermath of fraud,
focusing on the interfirm social networks of firms. Interfirm social networks form an important
part of firms’ ability to adapt and survive in changing environment, but are prone to damage in
situations such as financial fraud. While existing research has provided ample evidence on how
why financial frauds are damaging to the social networks, research had been limited on how
firms can recover afterwards. The first study in this dissertation focuses on the repairing of the
network itself. I investigate the factors that can potentially expedite the network repair process,
enabling the firm to regain its network size more quickly. More specifically, the effects of CEO
replacement and strategic change along with network closure prior to fraud are tested. The
results indicate a partial support for the hypotheses, showing significant effects of the interaction
between CEO replacement and network closure. I shift my focus to the more specific network
changes in the second study, testing the performance implications of such changes. Overall
network compositional changes showed significant concave curvilinear effects, indicating that a
balanced change is important in improving performance after financial fraud. Specific types of
tie changes such as losing negative reputation ties and gaining high-visibility ties also showed
significant impact on subsequent performance, providing partial support for the proposed
hypotheses. Through this dissertation, I aimed to advance the research on financial fraud and
social network theory. Understanding how interfirm social networks change and develop under
stressful situations, and how it can influence subsequent firm outcomes, will provide us with a
better picture of how firms survive after reputation damaging events.
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Introduction
Corporate financial fraud has long been of interest to scholars studying organizational
failure and corruption. Financial fraud represents a particularly damaging type of organizational
failure: Not only does an organization have to pay penalties such as fines and restitutions when
the fraud is revealed, it also suffers significant damages that extend over and beyond immediate
monetary losses (e.g., Gillespie & Dietz, 2009; Kang, 2008; Karpoff, Lee, & Martin, 2008).
Financial fraud violates a fundamental assumption about most business organizations’
practices—that they will conduct business in a trustworthy manner (Gillespie & Dietz, 2009).
Violating such an assumption thus directly challenges the legitimacy of a business. This can be
considered as a grievous offense in the eyes of the external parties, which may take considerable
time and effort for the transgressing firms to rectify and overcome.
From a more macro perspective, sociologists and economists studying fraud and
corruption in corporations have concluded that negative impact of such transgressions reaches far
beyond the boundaries of the transgressing firm. For instance, researchers have shown that
corporate scandals have played a key role in bringing about major economic crisis in the past
(1990, 2001, and 2007) (Akerlof & Shiller, 2009). Such harmfulness and far-reaching
consequences of corporate financial frauds adds to the apparent importance and the need to
understand the phenomenon in more depth (Steffensmeier, Schwartz, & Roche, 2013).
Highly publicized cases of financial fraud in the early 2000s epitomized by Enron and
WorldCom fueled the increased interest in the subject. Regulatory bodies at the time recognized
the gravity of the situation and responded to instances of financial fraud by introducing the
Sarbanes-Oxley Act in 2002. This act was a major reform specifically aimed at reducing the risk
of financial fraud. Since then, scholars have also sought to advance the literature on financial
1

fraud, mainly focusing on fraud’s consequences and potential antecedents to determine how to
prevent such incidents from happening (e.g., Arthaud-Day, Certo, Dalton, & Dalton, 2006;
O’Connor, Priem, Coombs, & Gilley, 2006; Rezaee, 2005; Zahra, Priem, & Rasheed, 2005).
Despite this increased interest, attention paid to how organizations respond to and recover
from damages inflicted by financial fraud has been limited. While existing research on both the
consequences and antecedents of corporate financial fraud certainly represents an important
endeavor, it leaves one wondering—what happens after all damages are said and done? To this
end, a handful of studies have focused on changes in top management (e.g., Arthaud-Day et al.,
2006; Connelly, Ketchen, Gangloff, & Shook, 2015; Gomulya & Boeker, 2014). Other studies
have advanced theories on how organizations reintegrate themselves after integrity violations,
often focusing on the internal reintegration of organizations (e.g., Gillespie & Dietz, 2009;
Gillespie, Dietz, & Lockey, 2014; Pfarrer, Decelles, Smith, & Taylor, 2008). Yet as informative
as these studies are, they fall short of explaining the aftermath of financial fraud in its entirety.
In this dissertation, I focus on organizations’ interfirm linkages as being among the
primary areas damaged by fraud (e.g., Fich & Shivdasani, 2007; Kang, 2008). In particular, I
suggest that changes in these linkages are influenced by remedial actions firms take after fraud,
and have a significant impact on firm outcomes depending on how they are managed. Interfirm
linkages provided through shared director ties have been long considered important channels for
resources, information, and support (e.g., Adler & Kwon, 2002; Burt, 1992; Coleman, 1988;
Kilduff & Brass, 2010; Tsai & Ghoshal, 1998). It is also considered to be reflective of a firm’s
social standing among its peers (e.g., Podolny, 2005; Zaheer & Soda, 2009). Given the
significance of interfirm linkages, it is surprising that few scholars have investigated how they
change following an event such as financial fraud and how it influences firm outcomes. How do
2

firms react to damage to their networks? How long does the damage last? What can
organizations do to mitigate the negative consequences of this damage, and how effective are
these measures? What kind of implications do certain changes to interfirm networks have on
firm-level outcomes? These crucial questions have yet to be answered in full.
The two studies presented here represent my attempt to address some of the key questions
regarding how firms respond to damages to their interfirm network linkages after financial fraud,
and how changes in network affect firm outcomes. I underscore the changes made to interfirm
networks following financial fraud, remedial actions firms can take to deal with the damages
incurred, and specific network changes that can be beneficial for the firm performance. As a
context to investigate these issues, I focus on instances of financial misconduct involving
intentional manipulation of financial statements by an organization and can clearly be
distinguished as fraud (Beasley, 1996; Zahra et al., 2005).
The first study seeks to identify the factors that help the fraud-committing firm to repair
its damaged social network. Drawing from the literature on organizational reintegration and
turnaround (e.g., Barker & Duhaime, 1997; Gillespie & Dietz, 2009; Gomulya & Boeker, 2014),
I investigate how remedial actions such as replacing its CEO and making changes to its strategic
direction can help a firm repair the damaged network, as these actions help the firm to regain
legitimacy and mitigate the reputational threats to other firms. Drawing on social network theory
(e.g., Burt, 2005; Coleman, 1988), I argue that the network closure of the focal firm prior to the
fraud disclosure acts as a moderator through efficient transmission of signals to external
stakeholders and amplifying the transmission’s positive impact. I also explore the potential
positive main effect of network closure based on the added trust and reciprocity it can provide.
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The speed with which the repair takes place becomes an important issue when
considering network repair. Research on organizational reintegration indicates that the longer a
firm is considered suspicious, the harder it becomes for the firm to regain its legitimacy (Elsbach
& Sutton, 1992; Pfarrer et al., 2008). As regaining legitimacy is an integral part of repairing a
damaged network, it becomes harder for a firm to repair its network as time progresses. To
account for the importance of speed, in the first study, I employ event history analysis. Event
history analysis allows the researcher to consider the time taken until the occurrence of the event
as well as the event’s likelihood (Hansen, 1999; Singer & Willett, 2003; Tsai, 2000). My results
provide partial support for the proposed hypotheses. I then carry out analyses to explore other
factors that may contribute to the effective repair of interfirm networks after financial fraud.
Potential implications and future research directions are discussed.
In the second study, I shift my focus to the relationship between specific post-fraud
changes in interfirm networks and subsequent performance improvements. While it can be
expected that firms will experience substantive changes in their network of director interlocks
after fraud, the details of such changes can vary considerably from firm to firm. This can lead to
differences in how network changes affect performance as interfirm network’s impact on firm
performance will be influenced by its content and composition: The benefits from changes to
networks are likely dependent on how well the they fit within the given situation (Stevenson &
Greenberg, 2000). More specifically, I investigate how overall network changes and changes in
the specific types of ties influence subsequent performance improvements.
In order to conduct the second study, I catalogued details of interfirm network changes
for each of the firms included in the sample to see how the firms’ interfirm network connections
had changed over time. Overall changes in network composition as well as in the specific types
4

of ties that were lost and newly formed were tracked over time to create panel data, which I then
analyzed using a generalized estimating equation (GEE) method to ascertain the effects of
network changes on subsequent performance. The results indicate that performance
improvements after financial fraud are indeed influenced by differences among firms in network
changes. Additional supplemental analyses were carried out to further explore which network
changes are most effective in improving performance. Implications and future research directions
drawn from the primary and additional analyses were also considered.
In both of the studies, I conduct matched-pair sample analysis as a part of additional
analyses to further explore the phenomena and extend the primary analyses results. Matched-pair
sample analyses were carried out to compare sample firms with other firms that are similar but
did not commit financial fraud, thereby allowing me to gauge how unique the tested effects are
to the context of fraud. Matched-pair sampling provides a relatively simple but effective way for
undertaking such a comparison in the current context (Arthaud-Day et al., 2006; Gomulya &
Boeker, 2014). It also provides a basis for understanding network changes better in general, and
for additional insights on other potentially influential factors. Further extensions of the results
from matched-pair sample analyses and their implications are also discussed.
The studies I present here contribute primarily to extending current research on financial
fraud and social network theory. First, I extend the literature on financial fraud to better
understand the aftermath of and subsequent recovery from incidents of corporate financial fraud.
Research in this area has recently started to accumulate, but it is still limited. In a similar vein, I
add to organizational reintegration literature by investigating how specific actions fraudulent
firms take influence the firms’ subsequent recovery processes. More specifically, I highlight the
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social capital aspect of post-fraud recovery. I also demonstrate the importance of the conjunctive
implementation of remedial actions for interfirm network management.
Secondly, I extend the literature on social network theory by investigating the
longitudinal changes in interfirm networks. Prior research has primarily focused on how existing
interfirm connections influence firm outcomes at a given time. Yet it is often overlooked that
interfirm social networks can change over time and become volatile after a shock such as
financial fraud. I attempt to increase our understanding of this topic by investigating factors that
can influence network changes and the ways that specific network changes can impact
subsequent performance. I believe the studies presented here provide a more holistic
understanding of what happens to a firm after financial fraud, as well as improve our knowledge
of factors that can help a firm to recover from the damages incurred.

6

Study 1: Repairing Social Capital after Financial Fraud
Director interlocks are said to exist when a director of a firm sits on the board of another
firm as well as his or her own (Mizruchi, 1996). These interlocks are one of the key ways firms
can be associated with one another. They create networks among firms representing an important
aspect of social capital for those involved, in that the network ties provide channels for firms to
obtain resources and information and serve as the foundation for facilitating cooperation with
other firms (e.g., Adler & Kwon, 2002; Burt, 2001a; Mizruchi, 1996; Pfeffer & Salancik, 1978;
Westphal, Boivie, & Chng, 2006). Moreover, the state of the interfirm network itself acts as an
indicator of the included firms’ social status (Freeman, 1979), suggesting another reason for
firms to care about the formation and maintenance of these interfirm connections.
Yet a firm’s external network connections established through such director interlocks
are not always durable: They are prone to damage after transgressions such as financial fraud
(e.g., Fich & Shivdasani, 2007; Kang, 2008; Srinivasan, 2005). A loss of legitimacy and a
diminished reputation following the disclosure of financial fraud are considered to be the main
causes of damage to these director interlocks (e.g., Karpoff et al., 2008; Karpoff & Lott, 1993).
Being associated with a tarnished firm can also cause damage to innocent bystanders, as the
firms connected to the fraudulent firm may be considered “guilty by association” and suffer from
the negative spillover of the fraudulent firm’s damaged reputation (Kang, 2008; Yu, Sengul, &
Lester, 2008). The threat of reputational damage leads to an increased likelihood of director
interlocks being severed (Cowen & Marcel, 2011; Fich & Shivdasani, 2007; Kang, 2008).
For the purposes of this paper, I focus on the degree centrality of a firm’s director
interlock network. Degree centrality refers to a measure of a firm’s network size, and it is
considered to be one of the most fundamental aspects of the firm’s social capital, as it reflects the
7

amount of activity and opportunity available to the firm as well as the prominence of the firm
among its peers (e.g., Eveland & Hively, 2009; Freeman, 1979; Rodan & Galunic, 2004). Social
capital can be broadly defined as the actual and potential resources attainable through
relationships and networks of individual actors (Adler & Kwon, 2002). Degree centrality and the
social capital it represents thus functions as an important building block for a firm’s healthy
operation. The increased vulnerability of director interlock ties following financial fraud is
problematic in this regard: it can have direct detrimental effects on the focal firm’s degree
centrality and cause damage to the social capital of the firm as well.
This problem is exacerbated by the fact that the longer it takes for a firm to repair damage
incurred, the harder it is for the firm to fully recover its degree centrality. Existing research on
organizational reintegration after a misconduct argues that the legitimacy lost due to misconduct
becomes harder to regain the longer an organization remains under suspicion. In other words, the
chance of a firm effectively establishing new connections with its stakeholders only decreases as
time passes, ultimately reducing the availability of valuable resources (Elsbach & Sutton, 1992;
Meyer & Rowan, 1977; Pfarrer et al., 2008). This can create a vicious cycle for the fraudulent
firm: A firm’s reduced ability to garner adequate resources and support due to the lost centrality
of its interfirm network hinders its efforts to put the company back on the right track, which in
turn may cause its network centrality to deteriorate even further. Deteriorating degree centrality
also acts as a signal for observing external parties to be increasingly wary of establishing
connections with the fraudulent firm, furthering the vicious cycle. If a firm is to avoid triggering
this cycle and increase its chances of recovering from financial fraud, it is crucial that the firm
repair its damaged interfirm network and regain centrality as soon as possible.
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While a sizable body of literature has been directed at understanding the consequences
and antecedents of fraud (e.g., Arthaud-Day et al., 2006; Karpoff et al., 2008; Zahra et al., 2005),
research on how firms can recover from their losses after financial fraud remains limited (e.g.,
Connelly et al., 2015; Gomulya & Boeker, 2014; Pfarrer et al., 2008). Based on the current state
of the literature, perhaps it is not surprising that research on how firms can recover their social
capital by repairing damaged interfirm networks is even more limited. Although studies on
organizational reintegration provide some insight into the factors related to faster recovery, there
is still a considerable gap to fill in our understanding of the aftermath of financial fraud.
This study thus seeks to answer the question, “How can a firm quickly repair its damaged
interfirm network after financial fraud?” More specifically, this study investigates which factors
help a firm to expedite its network repair process in order to regain centrality within its director
interlock network. I draw from literature on organizational reintegration after integrity violations
(e.g., Connelly et al., 2015; Gillespie et al., 2014; Gomulya & Boeker, 2014; Pfarrer et al., 2008)
and corporate turnarounds (e.g., Barker & Duhaime, 1997; Bigley & Wiersema, 2002; Chen &
Hambrick, 2012; Schmitt & Raisch, 2013), as well as research on the effects of network closure
(e.g., Burt, 2005; Coleman, 1988, 1990; Gargiulo & Benassi, 2000; Soda, Usai, & Zaheer, 2004)
to advance my argument.
Research on financial misconduct and corporate turnarounds provides useful insight into
the kinds of actions that are helpful in removing reputational threats to other firms after financial
fraud, thus contributing to faster network repair. Prior studies have suggested that replacing the
CEO and making strategic changes can especially be beneficial for a firm, as these actions send
positive signals to external stakeholders (Barker & Duhaime, 1997; Connelly et al., 2015;
Gomulya & Boeker, 2014; Zahra et al., 2005). By replacing its CEO after an instance of fraud, a
9

firm can claim that the main source of the problem has been removed and distance itself from the
instance of misconduct (Meindl, Ehrlich, & Dukerich, 1985; Wiesenfeld, Wurthmann, &
Hambrick, 2008). CEO replacement is thus a signal with a strong symbolic value—a promise of
actual changes to follow (Gangloff, Connelly, & Shook, 2014; Pfeffer & Salancik, 1978).
Making changes to the firm’s strategic direction can also function positively by signaling a
substantial shift within the organization to external stakeholders. A significant shift in a firm’s
strategic direction after an instance of fraud reflects the firm’s attempt to transform itself, as the
shift inherently includes departing from strategic decisions made prior to fraud (Barker &
Duhaime, 1997; Crossland, Zyung, Hiller, & Hambrick, 2014).
While CEO replacement and strategic change can both be beneficial for network repair in
their own right, they may exert stronger positive impacts when implemented in conjunction.
Prior research on post-transgression recovery has indicated that that a firm should clearly
indicate that it is making substantive internal changes; moreover, effective recovery often
requires careful coordination and the undertaking of multiple actions (Bottom, Gibson, Daniels,
& Murnighan, 2002; Gillespie et al., 2014; Pfarrer et al., 2008). Combining the strong symbolic
value and high visibility of CEO replacement with the more substantive nature of strategic
changes provides a stronger signal of change to the external stakeholders than either action
alone, thus expediting the process of network repair.
Studies looking at post-misconduct recovery have suggested that in addition to remedial
actions, other firm-level factors that surround the actions may be influential (e.g., Gangloff et al.,
2014; Gomulya & Boeker, 2014). I argue that the degree of network closure prior to fraud can be
considered such a factor. Network closure refers to how densely a network is formed around the
focal firm (Burt, 2005). When the degree of network closure is high, organizations within the
10

focal firm’s network are highly interconnected with each other. Social network theory indicates
that networks with high closure experience the more efficient transmission of information and
the amplification of messages passed through the network (Burt, 2001b, 2005; Uzzi, 1996). Prior
studies have also observed that the efficient information-sharing that takes place within high
closure networks can lead to enhanced norms of trust and reciprocity within the networks, which
can prove beneficial under difficult circumstances (Coleman, 1988, 1990; Gargiulo, Ertug, &
Galunic, 2009). Such potential benefits of network closure suggest that network closure can have
a positive impact on network repair in and of itself, while positively moderating the effects of the
remedial actions, including CEO replacement and strategic changes, taken by the firm.
To test these arguments, I analyzed 144 instances of financial fraud identified and
penalized by the Securities and Exchange Commission (SEC) between 1998 and 2010. Using
director interlock data obtained from the BoardEx database, I analyzed how fraudulent firms’
CEO replacements and strategic changes, along with the factor of network closure, affected the
speed of network repair. Event history analysis was used to take timing into account when
examining how firms regained their network centrality (Hansen, 1999; Singer & Willett, 2003;
Tsai, 2000). The results presented here provide partial support for the proposed hypotheses and
suggest interesting future research agendas to pursue.
This study seeks to add to the existing literature on financial fraud. Research has mainly
focused on the antecedents and negative consequences of financial fraud, offering limited insight
into how firms can effectively recover from fraud when the damage has already been done. This
paper extends the literature on financial fraud by identifying remedial actions and firm-level
factors that can independently and interactively help a firm recover faster after fraud. The paper
also contributes to literature on the management of social capital. Research on social networks
11

has paid surprisingly little attention to how a firm’s network can change and develop over time,
let alone how a network can be modified when it is damaged. This paper seeks to provide an
improved understanding of what factors are influential in changing firms’ social network ties and
how interfirm networks can be enhanced under stressful conditions.

Theory and Hypotheses
Corporate financial fraud and interfirm networks
The term “corporate financial fraud” refers to a set of actions carried out to intentionally
deceive and cheat shareholders or any other stakeholders of a firm, often with the involvement of
top executives (Beasley, 1996; Zahra et al., 2005). Such acts of deception, when they become
known to the public, inevitably result in negative consequences for the fraud-committing firm. In
addition to the sharp decline in stock price and regulatory penalties that accompany the public
disclosure of financial fraud, the firm may face substantial reputational penalties (Gillespie &
Dietz, 2009; Kang, 2008; Karpoff et al., 2008). Most firms operate under the fundamental
assumption that they conduct business in a trustworthy manner (Gillespie & Dietz, 2009).
Financial fraud directly violates the basic trust bestowed upon firms and can critically damage
the legitimacy and reputation of firms in the eyes of their stakeholders.
The loss of legitimacy stemming from the disclosure of financial fraud causes long-term
material damage to a firm. One of the areas that is particularly vulnerable following financial
fraud is the focal firm’s interorganizational network established through director interlocks.
Network ties created via director interlocks act as channels through which reputations of each
firm can be transferred to the other. This is also the case for negative reputations: Spillover of
12

poor reputations through network ties can cause adverse effects to those firms that are associated
with the tarnished firm (Fich & Shivdasani, 2007; Kang, 2008). To address such consequences,
organizations connected to the fraud-committing firm are likely to reevaluate their existing
connections and opt to sever interlock ties (Cowen & Marcel, 2011; Fich & Shivdasani, 2007;
Srinivasan, 2005), thereby causing the fraudulent firm to lose centrality in its interfirm network.
Losing degree centrality in the interfirm network indicates a loss of social capital, which
is problematic for the firm in its post-fraud state due to the reduction in potential benefits (e.g.,
Adler & Kwon, 2002; Baker, 1990; Coleman, 1990). The degree centrality of a firm can be
interpreted in multiple ways (Freeman, 1979). It can be seen as a measure of social integration
(Marsden, 1987), the prominence of the firm within the larger network (Knoke & Burt, 1983), or
the amount of activity and opportunity available to the firm (Eveland & Hively, 2009; Rodan &
Galunic, 2004). Thus the loss of degree centrality does not only signify reduced access to
resources and information, but also indicates an immediate loss of social standing. Such a
reduction lowers the ability of the firm to actively manage the uncertainty and risk associated
with its dependence on others for critical resources (Burt, 1992; Lang & Lockhart, 1990; Pfeffer
& Salancik, 1978; Westphal et al., 2006). It also makes a firm more isolated with a lower level of
potential activity in its network, thus rendering it harder for the firm to interact with and garner
support from its peers (Eveland & Hively, 2009; Prell, 2012).
While numerous studies have explored the negative consequences of financial fraud on
firms’ interfirm networks, only a handful of studies have investigated how firms can effectively
repair lost social capital. Reviewing the literature on broken ties, Stearns and Mizruchi (1986)
have investigated different forms of director interlock reconstitution based on whether a tie with
a particular firm is recovered. More recently, Westphal and colleagues (2006) have studied the
13

reconstitution of CEOs’ friendship ties contingent on the resource dependency between firms.
One finding of these studies is that the rate of reconstitution is actually quite low, hovering
around an average of 40% (Stearns & Mizruchi, 1986; Westphal et al., 2006). These studies are
helpful in illuminating the challenges associated with rebuilding social networks—but as their
focus is on ties that are broken during the normal course of business, they fall short of fully
explaining how firms can facilitate network repair after a reputation-damaging event.
Regaining centrality in the interfirm network is made more complex in the context of
financial fraud, not only by the fact that fraudulent firms must demonstrate that they are taking
actions to overhaul their organizations but also by the importance of speed in repairing the firms’
networks. Existing literature suggests that delayed recovery after an instance of misconduct may
negatively influence a firm’s ability to acquire resources and garner support, ultimately
threatening the firm’s survival (Elsbach & Sutton, 1992; Meyer & Rowan, 1977). This is because
it tends to become progressively more difficult for a fraudulent firm to effectively reconnect with
its stakeholders as time elapses after the disclosure of the misconduct (Pfarrer et al., 2008). Thus,
firms are not only burdened with the task of regaining their network centrality through internal
changes, but are also determined to regain centrality within the shortest possible time period.
Although it does not directly assess the repair of social capital, research on organizational
reintegration and corporate turnarounds provides helpful insight into remedial actions that can be
effective in repairing interfirm networks after financial fraud. Existing literature has shown that
CEO replacement and strategic change two types of actions that stand out as helpful in situations
in which a firm is facing hardship and decline (e.g., Barker & Duhaime, 1997; Bigley &
Wiersema, 2002; Chen & Hambrick, 2012; Connelly et al., 2015; Gomulya & Boeker, 2014). In
the context of repairing a damaged network after financial fraud, such actions can provide
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signals of change that may be perceived positively by external stakeholders (Pfarrer et al., 2008).
Signaling change and establishing distance between the firm’s present iteration and its former
fraudulent self are critical in removing the reputational threat and facilitating the repair of the
firm’s interfirm network. Thus, for the purpose of this paper, I focus on replacing the CEO and
shifting the strategic direction as potentially beneficial remedial actions in instances of fraud.
In addition to considering the remedial actions a firm can take, I explore the effect that
network structure prior to fraud has on network repair following fraud. Existing research on
social network theory indicates that network structure, which refers to how the organizations
surrounding the focal organization are connected with each other, can significantly impact how
the network functions (see Kilduff & Brass, 2010 for a review). I argue that the degree of
network closure in the focal firm’s network prior to fraud has a positive impact on the speed of
network repair, based on the more efficient flow of information as well as the enhanced trust and
reciprocity that can be induced by closure (Burt, 2005; Coleman, 1988).

Replacing the CEO after fraud
Prior research has noted that firms often replace CEOs as a response to organizational
failures (Chen & Hambrick, 2012; Connelly et al., 2015; Gomulya & Boeker, 2014). This is
because there is a tendency for the observers of a firm to attribute a disproportionate amount of
responsibility for the failure or success of the firm to the CEO (Meindl et al., 1985). Such a
tendency makes holding the incumbent CEO accountable for past transgressions potentially
beneficial for the firm, regardless of whether he or she is directly responsible. Even if the
connection between the incumbent CEO and the specific events that ultimately led to the
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transgression is not clear, stakeholders often believe that the top manager should share at least
some portion of the blame (Finkelstein, Hambrick, & Cannella, 2009; Wiesenfeld et al., 2008).
For this reason, replacing the CEO following financial fraud can be an effective signal for
regaining legitimacy in the eyes of external stakeholders. Signaling theory indicates that the
external observers of an organization take what is visible from the outside and use it to infer
what is happening inside (Bergh, Connelly, Ketchen, & Shannon, 2014; Connelly et al., 2015).
Replacing the CEO can be seen as evidence of a firm’s intention to distance itself from past
transgressions by removing the person who is to blame for the transgression and conveying a
promise of internal change to the external audience (Gangloff et al., 2014). Existing research
suggests that firms’ sending such signals to differentiate themselves from their pre-transgression
states plays an essential role in the pursuit to regain what has been lost (e.g., Gillespie et al.,
2014). By holding its incumbent CEO accountable for the failure and replacing him or her with a
new CEO, a focal firm can distance itself from fraud, thereby using the act of replacement as an
opportunity to speed up the repair process of its interfirm network.
Hypothesis 1. Replacing the CEO following financial fraud will be positively associated with the
rate of director interlock network repair.

Strategic changes after fraud
Changing the strategic direction of a firm inevitably includes negating previous strategic
decisions, more so as the magnitude of change increases (Barker & Duhaime, 1997; Crossland et
al., 2014). Changes in strategic direction indicate to external stakeholders that operations within
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the organization are being substantively recalibrated. Thus, making strategic changes represents
another way for a firm to signal change to external stakeholders after financial fraud.
Existing literature shows that fraudulent actions committed by top management are often
preceded by significant performance drops, enough for such drops to be considered one of the
key drivers of financial fraud (Zahra et al., 2005). More recently, researchers have suggested that
declining performance is often a result of an imbalance in a firm’s strategy leading to the pursuit
of ill-advised goals, which contributes to the occurrence of corporate scandals (Zona, Minoja, &
Coda, 2013). Even when declining performance is not what directly triggers the fraud, damage
from the fraud is likely to hamper the capabilities of the fraudulent firm in the following period
(Karpoff et al., 2008). Given such circumstances, it is not only beneficial but also potentially
necessary for the fraudulent firm to shift its strategic direction in a substantial fashion.
Generally speaking, a firm’s strategic direction is reflected in how it allocates its
resources in key areas1 (Crossland et al., 2014; Finkelstein & Hambrick, 1990; Haynes &
Hillman, 2010). Information about how a firm allocates its resources, although perhaps not as
readily accessible as information about CEO replacements, is available to outsiders through
publicly disclosed financial documents—meaning that it is also readily accessible to a firm’s
stakeholders. Given that how a firm allocates its resources reflects its strategic direction,
resource reallocation in key areas represents the firm’s attempt to depart from its former strategy.
There are other means through which changes in a firm’s strategic direction can be
observed as well. For instance, firms can strategically “refocus” their businesses by increasing
the proportion of related businesses and reducing unrelated or peripheral businesses, often

1

R&D (research and development); advertising; SGA (selling, general, and administrative expenses); newness of plant and
equipment; inventory; and debt ratio.
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through acquisitions and divestitures (Bigley & Wiersema, 2002; Markides, 1992). Strategic
refocusing refers to a specific type of change that is often highly visible from the outside.
However, strategic refocusing is limited in that it can only be carried out by firms that are
already diversified. Studying firms’ resource allocation patterns can provide a way to assess the
changes in the firms’ strategic profiles in a more general manner (Finkelstein & Hambrick, 1990;
Haynes & Hillman, 2010).
Of course, the full extent to which a firm’s strategic changes influence the firm’s
operations may not materialize immediately. In some cases, it may take years for the intended
results of strategic changes to materialize. Nevertheless, strategic changes can operate as a signal
to demonstrate the seriousness of the focal firm’s efforts to recover from the damage of financial
fraud by indicating that the firm is taking steps to move away from its pre-fraud state. Strategic
changes suggest the efforts of the firm to change its existing business practices and thus are
likely to be perceived in a positive light by interested parties outside of the firm.
Hypothesis 2. Strategic change observed through resource reallocation following financial fraud
will be positively associated with the rate of director interlock network repair.

CEO replacement and strategic change
Existing literature on CEO succession and strategic change complicates this discussion
by suggesting that while it is reasonable to expect CEO replacement or strategic change to have
positive effects on subsequent firm-level outcomes, the effects may vary depending on other
factors involved. In other words, neither CEO replacement nor strategic change is likely to be a
“one-size-fits-all” cure for poor performance or negative firm-level outcomes; rather, they need
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to be put in conjunction with other factors to achieve the desired effect (e.g., Bigley &
Wiersema, 2002; Chen & Hambrick, 2012; Schmitt & Raisch, 2013).
Research on organizational reintegration after normative violations similarly suggests
that firms typically require the conjunctive application of multiple remedial actions to effectively
recover from their damaged states. In their attempts to build general models of organizational
reintegration after transgressions, Pfarrer et al. (2008) and Gillespie and Dietz (2009) have
argued that recovering from misconduct requires executing multiple distinct actions. It is
important for these actions together to clearly signify that meaningful changes are taking place
within the organization. Without convincing stakeholders that it is actually changing, a focal firm
may find it difficult to reinstate, maintain, or establish new relationships with the stakeholders
(Pfarrer et al., 2008: 739–40). In other words, firms have a better chance of recovery when
simultaneously adopting multiple remedial actions that together result in a clear signal of change
(Gillespie & Dietz, 2009; Pfarrer et al., 2008).
As argued in previous sections, CEO replacement and strategic change both have the
potential to be strong enough measures in and of themselves to bring about fast and effective
network repair after financial fraud. However, the two measures differ in how they are likely to
be perceived and the main values they represent. The initial value of CEO replacement can be
considered to be more symbolic in nature (Pfeffer & Salancik, 1978) than that of strategic
change, while strategic change is inherently more focused on making substantive changes to a
firm’s operations. This suggests that when a firm jointly implements both measures, the firm can
create a synergy that makes the signal of change much stronger and more credible to external
observers. Thus, the potential for the remedial actions to have a positive impact on network
repair is reinforced when CEO replacement and strategic change are carried out together.
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Hypothesis 3. Replacing the CEO following financial fraud will have a stronger positive
association with the rate of director interlock network repair when strategic change after fraud
is greater.

The effect of prior network structure
The network structure of a firm prior to the disclosure of fraud is another important
aspect for understanding network repair after financial fraud. Network structure refers to how
other actors within a firm’s network are connected with each other and thus reflects the
relationship that exists among network members outside of the focal firm. Research on the utility
of social networks has highlighted the effects that certain social network structures can have for
an actor (Kilduff & Brass, 2010). How the surrounding network is structured, for example,
influences the flow and treatment of information about the focal firm among its peers (Burt,
2005), which can have a significant impact on how well the firm can manage its network.
This study focuses on the concept and the potential benefits of network closure. A high
degree of network closure indicates that the organizations surrounding the focal firm are wellconnected with each other, making the focal firm’s network tightly knit. Existing research
considers network closure a form of social capital that can provide benefits by facilitating trust
and cooperation among network members. Being situated within a tightly knit network induces
network members to develop and maintain a norm of reciprocity over time (e.g., Burt, 2005;
Coleman, 1988, 1990; Uzzi, 1996). While it is also possible for a tightly knit network to punish
its members more severely when a member deviates from the group norm (Coleman, 1988),
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other network members may still be willing to provide additional support depending on how
severe the transgression was and how likely it seems for the focal firm to survive the ordeal.
Prior studies have suggested that while being in a closed network may not always be
beneficial, the benefits may be more pronounced for a fraudulent firm. Enhanced trust and a
norm of reciprocity within the network can be beneficial for the fraudulent firm by providing a
more stable and supportive network. This can help network repair by either preventing the
network from completely falling apart in the first place or by making it easier to find a new firm
that is willing to connect to the focal firm. Thus,
Hypothesis 4. Network closure prior to fraud will be positively associated with the rate of social
capital repair (in terms of regaining network centrality) after financial fraud.

Another potential benefit of network closure that is relevant in the current context is the
more efficient flow of information within a given network. Increased efficiency in information
flow can impact network repair by moderating the effects of remedial actions. Burt (2001b,
2005) has suggested that due to its ability to produce a more efficient information flow within the
network, a high degree of network closure tends to amplify the tenor of information spreading
through the network. Gargiulo and colleagues (2009) have also noted that network closure may
vary in its effects depending on the relationship among the exchange partners, with a high degree
of closure providing more benefits for partners trying to induce others to behave according to
their preferences. These studies indicate that networks with higher degrees of closure can act as
“sounding boards,” or networks that not only transmit information faster than networks with less
closure but also amplify the messages passed on through them.
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If a fraudulent firm carries out the appropriate remedial actions, the positive message that
these actions convey can be amplified and transmitted faster when the firm is situated in a
network with a higher degree of closure. The faster and amplified transmission of positive
messages enables the focal firm to garner the additional support and cooperation required for
repairing its damaged network more quickly. Thus, the degree of network closure prior to the
discovery of fraud strengthens the positive relationship between the remedial actions taken by
the firm and the rate of interfirm network repair.
Hypothesis 5. Replacing the CEO following financial fraud will have a stronger positive
association with the rate of director interlock network repair when network closure prior to
fraud is greater.
Hypothesis 6. Strategic change following financial fraud will have a stronger positive
association with the rate of director interlock network repair when network closure prior to
fraud is greater.

Methods
Sample and data
The initial sample for this study consisted of alleged financial fraud cases disclosed by
the SEC in its Accounting and Auditing Enforcement Release (AAER) between the periods of
January 1998 to December 2007. This sample was supplemented with cases from the Audit
Analytics database for the period of January 2008 to December 2010. AAER is a database
maintained and populated by the SEC and which contains summaries of enforcement actions
taken by the SEC against publicly traded companies. AAER is generally considered one of the
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most comprehensive sources of data about the financial misconduct of corporations (Beasley,
Carcello, Hermanson, & Neal, 2010). Audit Analytics is another database that is often
considered comprehensive in its coverage of the accounting and auditing anomalies of publicly
traded companies in the U.S. (Chen, Luo, Tang, & Tong, 2015). Financial misconduct
information gathered from these sources was screened to include only those cases violating Rule
10(b)-5 of the 1934 Securities Exchange Act or Section 17(a) of the 1933 Securities Act. This
strategy was employed in order to keep the focus on cases that clearly involved financialstatement fraud. Cases in which financial restatements were due to accounting errors or in which
no violations of federal antifraud statutes had been found were excluded from the sample.2
Next, I collected data on director interlocks using the BoardEx database. BoardEx is a
proprietary database specializing in collecting social network information about public and
private corporate executives and directors within the U.S. and Europe. For the U.S. market, it
provides detailed biographical information about senior managers and directors, including
education and degree information, past and current employment history (with start and end dates
for specific roles), and other social activities (e.g., club memberships, positions in foundations
and charities). It is one of the most comprehensive databases available for studying interfirm
connections created through senior managers and directors (Engelberg, Gao, & Parsons, 2013).
Two clear advantages that BoardEx has over other databases that provide corporate governance
information such as RiskMetrics (currently ISS) is that BoardEx provides more detailed
information about the employment dates of directors and executives and that its data covers not
only publicly traded firms but also many private firms and non-profit organizations. This enabled

2

The initial list of relevant fraud cases was provided by Mark S. Beasley from the data compiled for a comprehensive report on
fraudulent financial reporting commissioned and published by Committee of Sponsoring Organizations of the Treadway
Commission (COSO) (Beasley et al., 2010). See the report for further details on the sample collection and selection of
appropriate cases within AAER.
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me to construct a more comprehensive and accurate longitudinal sample. Matching the list of
fraud cases with the BoardEx data, an initial sample of 171 companies with relevant network
data was obtained. Employment and affiliation information for each of the senior managers and
directors in the sample firms was collected, along with basic demographic information. This data
on the individuals allowed me to track monthly changes in interfirm connections over time.3
After the initial sample was obtained, I extracted information about each of the fraud
cases from the relevant AAER documentation, including the date when the fraud first became
publicly known, the number of years financial statements were restated, and the monetary
penalty incurred. If AAER did not provide adequate information, the data was supplemented
using other documentation such as rulings from class-action lawsuits. Additional sources of
information included Stanford Law School’s Securities Class Action Clearinghouse, Bloomberg
Law, and Google News.4 Class-action and lawsuit filings often contained detailed information
about the cases even when it was missing from the SEC filings in AAER.
Firm-level financial data was collected through COMPUSTAT. All data was collected
and organized in quarterly format so as to utilize monthly network change information to the
fullest. Unfortunately, BoardEx and COMPUSTAT do not use same identifiers for companies
included in their databases. While BoardEx lists ticker symbols and International Security
Identification Numbers (ISIN) for its currently active companies, the information is often
missing for inactive companies. The BoardEx and COMPUSTAT datasets were thus matched
using ticker symbols and Committee on Uniform Security Identification Procedures (CUSIP)
numbers (which can be derived from ISINs) whenever possible. If the ticker symbols or CUSIP

In some cases, the only years provided were the starting and ending dates of a person’s role as director or manager. I considered
such cases to be beginning in January and ending in December.
4 http://securities.stanford.edu/; http://www.bna.com/; http://www.google.com/
3

24

numbers were not available, companies were manually matched based on their company names.
For the manually matched firms, I compared the list of senior managers and directors to ensure
the firms were correctly matched. Firms that were still missing appropriate firm-level data after
the matching process were removed from the sample. After the cleaning process, the final sample
consisted of 144 firms and 2,611 firm-quarters.5

Dependent variable
To investigate how firms can effectively regain network centrality after fraud, I measured
the number of quarters it took until a firm’s net change in network ties (the cumulative loss after
the disclosure of fraud subtracted from the cumulative gain) became non-negative. I additionally
required the firm to stay non-negative for at least four consecutive quarters (one year), following
the logic drawn from prior studies on corporate turnaround (Barker & Duhaime, 1997; Chen &
Hambrick, 2012). To check for network repair, I determined when a firm first experienced a loss
of interfirm ties post-fraud. All of the losses taking place after the initial loss were counted and
aggregated as a running sum. Then, the number of ties gained on or after the initial loss were
counted and aggregated into another running sum. The running sums of loss and gain were then
compared: If the running sum of gain became equal to or greater than the losses within the
observation window and stayed so for four consecutive quarters, the firm was coded as repaired.
The number of quarters since the initial loss up until the first quarter of the four consecutive nonnegative quarters was recorded as the time taken until repair.6 Firms that had network data for
entire observation period but did not experience repair were considered right-censored data and
5

In the actual multiple-spell Cox regression, 1,299 firm-quarters were analyzed. This was because event history analysis does not
include the data for analysis once the event in question has occurred for the subject.
6 Some firms prematurely exited the sample without experiencing repair. Time for such firms were recorded at the point of exit.
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were given the maximum amount of time. Out of the 144 firms included in the analysis, 89 firms
(61.8%) experienced network repair within the observation period.
I applied the multiple-spell event history technique (also known as multiple-spell survival
analysis) to the aforementioned data for hypothesis testing. Event history analysis is suitable for
this study since it allowed me to incorporate right-censored data and analyze the duration until
the occurrence of an event, which in this study is the regaining of degree centrality (e.g., Allison,
1984; Hansen, 1999; Tsai, 2000). Event history analysis requires a certain period of time, or
duration, before the occurrence of an event (Singer & Willett, 2003). The duration used for this
study was the time elapsed before the focal firm recovered its degree centrality. The rate of
repair, or the hazard rate in terms of event history analysis, can be written as:

h(t) = lim

𝑃(𝑡 + ∆𝑡 > 𝑇 ≥ 𝑡 | 𝑇 ≥ 𝑡)
∆𝑡

where 𝑃(𝑡 + ∆𝑡 > 𝑇 ≥ 𝑡 | 𝑇 ≥ 𝑡) indicates the conditional probability of the event occurring
during time 𝑃(𝑡 + ∆𝑡), given that the event did not occur before t. The hazard rate here can be
interpreted as the instantaneous probability that a firm will regain its degree centrality, under the
condition it has not yet done so. In addition, applying a multiple-spell structure allowed me to
construct the data in a panel format. Panel data is more appropriate in this context as it enabled
me to take the time-varying characteristics of independent variables into account.
One important clarification to make here is about where I set the “starting point” for the
observations to be included in the multiple-spell event history analysis. In event history analysis,
a subject is considered to be within the observation window when it comes under the risk of
“failure,” or the condition under which the event in question can happen. The event in question
in the context of this study is the repair of interfirm network degree centrality. In order for the
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event in question to happen, a firm first has to experience a loss in network degree centrality.
Thus, the starting point for when a firm enters the observation window is set to be when the firm
first experiences a loss of interfirm network ties. This clarification is important because there can
be a time difference between when the fraud is disclosed and the first loss of interfirm network
ties. Due to the practice of appointing directors in the U.S., the loss of social capital through
changes in director interlocks may not take place immediately but instead happen more gradually
over time (Fich & Shivdasani, 2007).7 It would be erroneous to consider the disclosure of fraud
as the starting point of the observation when there can be a time gap between the disclosure of
fraud and the first loss of network ties.

Independent variables
CEO replacement. To test the hypothesis regarding the interaction effect between CEO
replacement and strategic change, an indicator variable for CEO replacement was created.
Consistent with previous research on CEO replacement, I held an instance of CEO replacement
to be due to the fraud if the replacement had happened within a year after the disclosure. The
length of the observation period was chosen to ensure that the CEO replacement was due to
financial fraud, while avoiding limiting the observation period too severely. The cases in the
sample studies here are cases in which firms were charged with serious financial misconduct. It
can be expected that firms looking to remove their CEOs would do so in a relatively short period
of time. If CEO replacement takes more than a year, it can be difficult to ascertain whether the

7

Directors in the U.S. are usually elected to serve a fixed term of two to three years. It is possible that even in cases in which a
firm does not want a director to stay any longer (or vice versa), the firm may wait until the current term is over and opt not to reelect the director rather than firing the director immediately. Moreover, many of the boards of directors in the U.S. are staggered,
meaning that directors within a firm are not all elected at the same time.
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replacement was due to financial fraud and how strong of an impact the replacement had on
repairing the damages caused by the incident. The variable was coded as 1 if it took place on or
after the quarter that the CEO replacement had taken place, and 0 if otherwise. It was not
considered to be CEO replacement in the current context if it was clear that the CEO left the firm
for reasons other than fraud (e.g., death) (Chen & Hambrick, 2012; Fredrickson, Hambrick, &
Baumrin, 1988). It was also not considered to be CEO replacement if an incumbent CEO stayed
within the firm as a part of the management or the board (Gomulya & Boeker, 2015). Details on
CEOs’ departures were obtained from multiple sources, including company documents and
media coverage of the various fraud events.
Strategic change. Strategic change was measured by aggregating the amount of resource
reallocation that took place across key dimensions of the firm. I adopted measures frequently
used in prior research and measured absolute changes in six strategic-choice variables (Crossland
et al., 2014; Haynes & Hillman, 2010): advertising intensity (advertising/sales); R&D intensity
(R&D/sales); overhead efficiency (selling, general, and administrative expenses/sales); inventory
level (inventory/sales); plant and equipment newness (net plant and equipment/gross plant and
equipment), and financial leverage (debt/equity). The numbers were standardized using z-scores
and aggregated to form an index. The larger values indicate that more resource reallocation, and
thus a larger degree of strategic change, took place.
Network closure. The network closure variable was created by measuring closure
following the framework proposed by Burt (Burt, 1992: 54–5) and calculating the three-year
average for each firm prior to fraud:
𝑝𝑖𝑗 + ∑ 𝑝𝑖𝑞 𝑝𝑞𝑗 ,
𝑞
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𝑞 ≠ 𝑖, 𝑗,

where pqj is the proportion of q’s relationship strength with j, and pij is the proportional strength
of the relationship between i and j. This equation measures the degree to which alters
surrounding an ego are connected to each other in a network. If the level of closure is high for i, i
has invested considerable time and effort in reaching j, and j is surrounded by a dense network.
Thus, a higher value for the network closure variable implies that the network surrounding the
ego is denser and more tightly knit, with a large amount of time and effort already invested in the
building of the network (Burt, 1992: 54). Network closure was calculated and normalized using
the egocentric network analysis function provided by UCINET (Borgatti, Everett, & Freeman,
2002). All of the independent variables were lagged one period to ensure that they preceded the
dependent variable, network repair.

Control variables
Several control variables were included in the analysis. First, industry and year controls
were added to account for any unobserved industry or time period effects. I controlled for
industry using two-digit SIC codes and controlled for year using year dummies created with
1994 as the reference year. The results for the industry and year controls are not reported here in
order to conserve space. Firm size was also controlled for using the log-transformed employee
count for each firm. Past performance was included to control for the potential effect of a firm’s
performance prior to fraud on any subsequent changes in network centrality. Past performance
was measured using the average total shareholder return (TSR) for the twelve quarters prior to
fraud disclosure. The quick ratio and leverage ratio were included to control for the overall
financial health of the focal firm (Chen & Hambrick, 2012). As each quarter’s separate values
were not available for both ratios, the values were averaged over the twelve quarters after fraud.
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The firm penalty and restating years were included to account for the severity of the
fraud. Prior research on financial fraud indicates that the response from external observers to
fraud-committing firms’ actions may be affected by how severe the fraud was (e.g., Gomulya &
Boeker, 2014; Karpoff et al., 2008). The firm penalty variable accounts for the total monetary
penalty assessed by the regulators and as a result of class-action lawsuits. All of the monetary
penalties directed to the company were aggregated and log-transformed. The restating years
variable was also included to account for the number of years the firm had to restate its financial
statements. I also controlled for interim to indicate cases in which interim CEOs were appointed.
Past studies on CEO succession suggest that appointing an interim CEO may have a significant
impact on subsequent firm-level outcomes (Chen & Hambrick, 2012; Connelly et al., 2015). I
included a dummy variable coded 1 if an interim CEO was appointed and 0 if otherwise. An
independent directors variable was included to account for the effect of independence within the
board. Research indicates that promoting independence in the board increases the likelihood of
recovering trust after financial fraud (Farber, 2005). I measured the average proportion of
independent directors for the twelve quarters after fraud. All of the control variables that are
time-variant were lagged one period, in accordance with the main variables of interest.

Analytical scheme
Multiple-spell event history analysis was used for testing the hypotheses. Event history
analysis, also known as survival analysis, is suitable for studying cases in which the occurrence
and timing of certain events are variables of interest (Singer & Willett, 2003). Moreover, event
history analysis allows for an analysis of event occurrences in right-censored data, or data in
which subjects may differ in the duration of time before they drop out of the study (Allison,
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1984; Hansen, 1999; Tsai, 2000). In the current context, a firm entered the “risk” set at the time
at which the social capital loss first occurs after the disclosure of fraud, and exited the set when it
regains its network degree centrality or the observation window ends. The hazard rate derived
from this analysis measured the likelihood of a firm regaining centrality at time t, conditional on
not having done so before t. A higher hazard rate indicated that the firm would be likely to
recover faster (Hansen, 1999; Singer & Willett, 2003). The Cox proportional hazard model, more
generally known as Cox regression (Cox, 1972), was used as the specific analytical model. The
general form of model is below:
h(t) = h(0)exp(𝛽1 𝑋𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝛽2 𝑋𝐶𝐸𝑂 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 + 𝛽3 𝑋𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑐 𝑐ℎ𝑎𝑛𝑔𝑒 + 𝛽4 𝑋𝑐𝑙𝑜𝑠𝑢𝑟𝑒 +
𝛽5 𝑋𝐶𝐸𝑂 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑋𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑐 𝑐ℎ𝑎𝑛𝑔𝑒 + 𝛽6 𝑋𝐶𝐸𝑂 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑋𝑐𝑙𝑜𝑠𝑢𝑟𝑒 + 𝛽7 𝑋𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑐 𝑐ℎ𝑎𝑛𝑔𝑒 𝑋𝑐𝑙𝑜𝑠𝑢𝑟𝑒 )

where h(t) indicates the hazard function at time t, h(0) indicates the baseline hazard, βi are the
estimated regression coefficients, and Xi are the independent variables in the study. Cox
regression is often referred to as a semi-parametric model since it does not require any
distributional assumptions regarding the data. However, it does assume that the data meets the
proportionality assumption (Singer & Willett, 2003). I checked for this assumption using the
post-estimation command estat phtest in STATA 14 (StataCorp, 2015). The post-estimation
results did not provide enough evidence to reject the null hypothesis, indicating that the
proportionality assumption was not violated.

Results
Descriptive statistics and the correlation matrix for the variables included in the
preliminary analysis are reported in Table 1.1. In addition to the correlation table, separate
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collinearity diagnostics were carried out to check for any multicollinearity issues. The variance
inflation factor (VIF), tolerance values, and conditional index values from the collinearity
diagnostics stayed within a reasonable range for all independent variables (VIF<10,
tolerance>0.45, conditional index<30) indicating no serious concerns regarding multicollinearity
(Belsley, 1991; Cohen, Cohen, West, & Aiken, 2003).
Table 1.1. Correlation matrix and descriptive statistics
Variable

Mean

S. D.

1. Firm size

5.00

10.94

2. Past performance

0.06

0.12

-0.15*

3. Quick ratio

8.17

63.23

-0.02

-0.03

0.69

-0.00

4. Leverage ratio
5. Firm penalty (million USD)

0.30
226

792

1

2

3

4

-0.07*

0.01

0.33*

-0.17*

0.01

0.00

6. Restating years

3.01

2.47

0.11*

-0.14*

-0.03

-0.01

7. Interim

0.10

0.30

-0.10*

-0.09*

-0.03

0.03

0.63

0.27

0.13*

-0.08*

0.08*

-0.04

-0.01

0.71

-0.43*

0.20*

-0.13*

0.01

10. CEO replacement

0.44

0.50

-0.02

-0.08*

-0.00

0.03

11. Strategic change

0.00

2.51

-0.37*

0.23*

-0.03

0.09*

5

6

7

8

9

10

8. Independent director
9. Network closure

Variable
6. Restating years

0.11*

7. Interim

-0.04*

-0.05*

8. Independent director

-0.04

0.23*

-0.06*

9. Network closure

-0.27*

-0.21*

0.03

-0.49*

10. CEO replacement

0.15*

-0.05*

0.09*

-0.08*

0.03

11. Strategic change

-0.16*

-0.24*

0.14*

-0.20*

0.33*

0.02

(n=2,611, 144 firms) *p<0.05

Figures 1.1 and 1.2 provide a broad overview of how sample firms generally lose and
gain interfirm network connections during the observation period. Figure 1.1 shows how the
sample average of network connection loss varies over time, while Figure 1.2 shows how the
sample average of network connection gains during the observation period. The graphs indicate
that both loss and gain are higher on average during the early quarters following the disclosure of
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interfirm network would be most vulnerable and volatile immediately after the incident.
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Figure 1.1. Trend in degree centrality loss
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Figure 1.2. Trend in degree centrality gain
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fraud, especially during the first four to five quarters. This is not surprising when considering the
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Figures 1.3 and 1.4 describe the dependent variable, the network repair of firms, in more
detail. Figure 1.3 illustrates how many firms were able to repair their network degree centrality
within the observation period and how many were not. The graph clearly shows that more than
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one-third of the firms in the sample did not recover their network size during the twenty-quarter
observation window. Figure 1.4 provides a more detailed account of how long firms took to
repair their network degree centrality if they were able to do so. In line with what organizational
reintegration literature suggested, the graph indicates that the number of firms that repaired their
networks became progressively smaller over time. The large number of firms that are marked at
“20” are due to the firms that considered to be right-censored as previously mentioned.
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Figure 1.3. Distribution of network repair outcomes in sample firms
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Figure 1.5. Distribution of CEO replacement in sample firms
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Figures 1.5 through 1.8 describe the independent variables in more detail. Figure 1.5
shows that while replacing the CEO can be an effective way of signaling change to external
observers, less than half of the firms in the sample replaced their CEOs within the first year.8

8

If I extend the observation window for CEO replacement to two years, the ratio increases to about 2:1. Even then, however,
about one-third of the sample firms do not replace their CEOs.
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Figure 1.6 shows that the timing of the replacements within the first year was fairly evenly
distributed, with the only the fourth quarter seeing a lower frequency than the other quarters.9
Figure 1.7 shows how the sample average of the strategic change variable changes over
time. Somewhat similar to the trends shown in Figures 1.1 and 1.2, the amount of strategic
change seemed to be much higher during the earlier quarters, and it dwindled as time passes.
Lastly, Figure 1.8 shows how the degree of pre-fraud network closure was distributed among the
sample firms. I used non-normalized values of network constraint to create a more easily
accessible graph. The graph shows that the majority of the firms have values of network closure
(before log transformation) below .5, indicating that generally speaking, high levels of network
closure are not common for interfirm networks.
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Figure 1.7. Trend in strategic change over time
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In an attempt to account for the possibility of timing effects on CEO replacement, I tried including “time after CEO
replacement” as an additional control variable in the analysis. The variable was excluded from the final results since including the
variable did not change the results, and the variable displayed too high of a correlation with some of the other variables.
9
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Table 1.2 shows the results of Cox regression models for testing the hypotheses. Model 1
includes only the control variables. Model 2 shows the combined results for testing the positive
main effects of CEO replacement, strategic change, and network closure (Hypotheses 1, 2, and
4). The results of Model 2 indicate that network closure prior to fraud has a marginally
significant positive relationship with the rate of repair, providing a weak support for Hypothesis
4. However, Hypotheses 1 and 2 were not supported as CEO replacement and strategic change
do not show significant positive relationships with network repair. This was surprising, as I had
theorized that CEO replacement and strategic change would each be effective in facilitating
network repair. The absence of an effect for both CEO replacement and strategic change warrant
further investigation.
Table 1.2. Cox regression results
Variable

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

Firm size (t-1)

0.084

0.130

0.128

0.103

0.140

0.121

(0.078)

(0.092)

(0.092)

(0.095)

(0.093)

(0.097)

-0.020

-0.211

-0.173

-0.086

-0.233

-0.112

(0.381)

(0.385)

(0.389)

(0.396)

(0.389)

(0.400)

Past performance
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Quick ratio (t-1)
Leverage ratio (t-1)
Firm penalty
Restating years
Interim
Independent director (t-1)

0.003

0.003

0.003

0.002

0.003

0.002

(0.002)

(0.002)

(0.002)

(0.002)

(0.002)

(0.002)

0.058

0.059

0.064

0.092

0.061

0.101

(0.141)

(0.137)

(0.138)

(0.146)

(0.138)

(0.148)

0.028

0.031

0.034

0.038

0.031

0.039+

(0.022)

(0.023)

(0.024)

(0.023)

(0.023)

(0.023)

-0.137+

-0.154+

-0.163+

-0.162+

-0.148+

-0.156+

(0.080)

(0.086)

(0.087)

(0.087)

(0.086)

(0.088)

-1.109+

-0.933

-0.806

-0.834

-0.958+

-0.885

(0.578)

(0.575)

(0.579)

(0.572)

(0.578)

(0.584)

-0.330

0.172

0.173

0.193

0.160

0.163

(0.600)

(0.681)

(0.677)

(0.680)

(0.684)

(0.685)

0.597+

0.547+

0.191

0.634*

0.236

(0.307)

(0.311)

(0.349)

(0.314)

(0.357)

Network closure
CEO replacement
Strategic change

-0.349

-0.410

-0.456

-0.339

-0.439

(0.304)

(0.311)

(0.324)

(0.306)

(0.331)

-0.083

-0.136

-0.105

-0.079

-0.108

(0.078)

(0.087)

(0.077)

(0.079)

(0.089)

CEO replacement ×
Strategic change

0.165

0.013

(0.117)

(0.153)
1.215**

CEO replacement ×

1.268*

(0.447)

Network closure

(0.537)

Strategic change ×

-0.046

-0.080

Network closure

(0.090)

(0.097)

Wald’s chi2
p

68.441

73.917

75.881

81.823

74.186

82.566

0.035

0.025

0.021

0.007

0.029

0.042

(n=1,299, 144 firms) +p<0.10; *p<0.05; **p<0.01

Model 3 shows the results of testing Hypothesis 3, which predicted that CEO replacement
and strategic change would combine to form a stronger positive impact on the speed of network
repair. Hypothesis 3 was not supported, as the interaction term between the two variables does
not show a significant effect. Models 4 and 5 show the results of testing Hypotheses 5 and 6,
which proposed that network closure would interact with remedial actions taken in order to have
a positive impact on network repair. The results presented in Model 4 indicate that Hypothesis 5
was supported. There is a significant and positive interaction between CEO replacement and
network closure. Finally, Model 5’s results indicate that Hypothesis 6 was not supported. Figure
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closure. The graph indicates that CEO replacement clearly has a stronger positive impact when
network closure is greater.
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Figure 1.9. Interaction between CEO replacement and network closure
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1.9 provides a graphical representation of the interaction between CEO replacement and network
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The results in Table 2 are the beta coefficients, which were transformed from the hazard
ratio that was initially gained from Cox regression. This allowed me to display the results in a
more common format or regular linear regression results, thereby allowing for a faster
understanding of what is generally happening. However, hazard ratios are better for interpreting
the actual effects of the variables. An interpretation of the actual effects can be performed using
the following formula, wherein βi is the beta coefficient:
𝑒 𝛽𝑖 − 1
For instance, the beta coefficient for network closure in Model 2 can be transformed into the
value of 0.82. This indicates that an increase in the degree of pre-fraud network closure would
make the network repair speed about 82% faster. Of course, the coefficient for network closure is
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only marginally significant in this case so interpreting the results as definitive could be
problematic. On the other hand, the beta coefficient for the interaction between CEO
replacement and network closure in the final model of Table 2 can be transformed into the value
of 2.55 using the above formula. When interpreted in conjunction with Figure 1.9, this indicates
that when the degree of network closure is high, CEO replacement enables firms to repair their
network centrality more than 2.5 times faster than they might otherwise.
The results presented here lend partial support to the hypothesized relationships,
especially regarding the positive impact of the interaction between CEO replacement and
network closure, as well as the positive effect of network closure by itself. However, there were
some surprising findings as well. In the following sections, I carry out additional analyses to
further explore the phenomena and discuss potential alternative explanations, as well as the
implications of the findings, in more detail.

Additional analyses
Matched-pair sample analysis. As a part of my strategy for further exploring the phenomena, I
conducted a matched-pair sample analysis. The main rationale for conducting a matched-pair
sample analysis was that it would enable me to see if the effects of remedial actions and network
closure that I had examined are unique to the fraudulent cases in this study. If the results from
the same analysis were different for a set of “clean” firms, this would indicate that the effects of
remedial actions and network closure displayed in the previous section are unique to the
fraudulent cases. Even if the results from the matched-pair sample were not significantly
different from the analysis of the fraudulent firms, they would still provide additional insight into
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the factors that are beneficial for firms seeking to gain network connections more generally.
While matched-pair sampling does have its drawbacks, it is considered appropriate for such an
analysis when there is a very low base rate of occurrence for the phenomenon in question (e.g.,
Arthaud-Day et al., 2006; Gomulya & Boeker, 2014), as is the case for this study.
I created a matched-pair sample by selecting firms that were similar in size (total assets)
and industry (four-digit SIC code) to a given fraudulent firm over the same observation period
but which did not have any restatements or incur any penalties for financial wrongdoing during
that period. 10 Matching firms were required to be as “clean” as possible: In particular, matching
firms could not have had any type of financial misdeed reported within a five-year window (or
twenty quarters) prior to and post time t. I extensively searched for reports of any misdeeds
committed by the potential matching firms using resources such as the Stanford Securities Class
Action Clearinghouse, the AAER database, Bloomberg Law, and Google News. A potential
match was excluded if a financial misdeed was found. In this case, the clean firm that was
second-closest to the fraudulent firm in firm size and industry would be selected as the matching
firm. Matching firms were found for all 144 cases included in the main analysis.11
Table 1.3 shows the results of multiple-spell Cox regression on the “clean” sample that
was matched to the fraudulent sample. The results are generally similar to the fraud sample
outcomes.12 Although its results are not displayed here in order to conserve space, an additional

10

One caveat in creating a matched-pair sample here is that it is difficult to match firms based on one of the conditions: that firms
have to experience a loss of social capital (director interlock ties) through the negative impact of financial fraud. It is possible for
“clean” firms to experience a loss of social capital as interfirm network sizes fluctuate even in normal times, but the context of
loss and repair is not then the same as that of the fraudulent firms. This is problematic in that it dilutes the appropriateness of the
matching scheme and the comparison between the fraud and clean samples. However, it is not clear whether there is an efficient
way to create a matched sample with the characteristics of loss and repair in mind, as they are tied into the occurrence of fraud.
11 Upon further inspection, it was found that not all of the matching clean firms experienced a loss of network ties around the
matching time. I carried out a sub-sample analysis as a robustness check with only the firms that did experience reductions in
their network sizes (128 firms), and the results remained largely unchanged.
12 “Clean” firms would not technically be repairing their interfirm networks since they would not have suffered losses in the same
sense as those of the fraudulent firms. However, clean firms can still be measured for network tie loss and gain.
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analysis including both the fraudulent and clean firms was conducted to check if the model
results between the matched samples are statistically distinct. The results indicate that overall,
there is not enough evidence to say that the results for the fraud sample are distinct from the
clean sample results. Only the difference in interaction between CEO replacement and network
closure is marginally significant in the full model. It is not clear from the matched-pair sample
analysis carried out here whether financial fraud requires remedial actions specifically tailored to
the conditions, at least in terms of expediting network repair.
Table 1.3. Cox regression results for clean firms
Variable
Firm size (t-1)
Past performance
Quick ratio (t-1)
Leverage ratio (t-1)
Interim
Independent director (t-1)

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

-0.099

-0.006

0.016

-0.021

-0.005

-0.002

(0.082)

(0.105)

(0.103)

(0.106)

(0.104)

(0.104)

0.146

-0.123

0.066

-0.096

-0.008

0.112

(0.427)

(0.439)

(0.446)

(0.445)

(0.460)

(0.466)

-0.004

-0.003

-0.003

-0.003

-0.003

-0.003

(0.005)

(0.004)

(0.005)

(0.005)

(0.005)

(0.005)

-0.078

-0.061

0.192

0.027

-0.066

0.194

(0.116)

(0.117)

(0.158)

(0.124)

(0.118)

(0.162)

-0.673

-1.093

-3.941*

-0.731

-1.159

-3.119

(1.314)

(1.371)

(1.760)

(1.386)

(1.371)

(1.899)

0.310

0.658

1.091

0.911

0.702

1.175

(0.693)

(0.740)

(0.770)

(0.751)

(0.741)

(0.772)

0.697**

0.741**

0.662*

0.678**

0.672*

(0.263)

(0.264)

(0.261)

(0.261)

(0.262)

Network closure
CEO replacement
Strategic change

0.644

0.394

0.961*

0.648

0.632

(0.435)

(0.496)

(0.469)

(0.435)

(0.530)

-0.016

-0.030

-0.024

-0.008

-0.025

(0.074)

(0.074)

(0.075)

(0.075)

(0.075)

CEO replacement ×

0.901*

0.707+

Strategic change

(0.362)

(0.399)

CEO replacement ×

2.039*

1.292

Network closure

(0.838)

(0.909)

Strategic change ×

-0.071

-0.049

Network closure

(0.080)

(0.081)

Wald’s chi2
P

71.837

80.85

88.248

86.757

81.649

90.586

0.029

0.017

0.005

0.004

0.011

0.003

(n=1,418, 144 firms) +p<0.10; *p<0.05; **p<0.01
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Additional supplementary analyses and robustness checks. A number of supplementary
analyses were carried out as a means of further exploring potential alternative explanations and
testing the robustness of the results provided in the previous sections. First, I tested the
hypothesized models using different specifications for measuring the dependent variable. In the
main analysis, I considered a firm’s network as repaired when the net gain of network ties was
equal to or greater than the net loss for four consecutive quarters. As the first alternative
measure, I coded a firm as repaired when the net gain of network ties was equal to or greater than
the net loss without considering later quarters. This served as a more lenient measure of repair
(114 repairs). I created another alternative measure for network repair by coding a firm as
repaired only when the net gain of network ties was equal to or greater than the net loss at the
end of the observation period. This functioned as the most restrictive measure of network repair
(58 repairs). Analyses carried out using both of these alternative measures showed no meaningful
changes in the results, with the main and interaction results showing effects in the same direction
as those of the main analysis.
In order to conduct additional tests using different operationalizations of the dependent
variable, another alternative scheme for coding network repair was created using a different
criterion for measuring network change. Instead of measuring network change in terms of the net
loss or gain of network ties, I calculated the pre-fraud average network size for each of the
sample firms and compared it with each firm’s post-fraud average. The pre-fraud average was
calculated for the four-quarter period prior to fraud, while the post-fraud average was measured
using a four-quarter moving window after the quarter that the fraud had been disclosed. All three
measuring schemes, including the method used in the main analysis, were repeated using average
comparisons. The analyses did not show any meaningful changes from the initial results.
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Second, I employed different time frames for measuring changes in network centrality. In
the main analysis, I followed the procedure suggested by existing research (e.g., Fich &
Shivdasani, 2007) and used a twelve-quarter limit in determining whether a firm experienced a
loss of network ties. I subsequently tried using eight-quarter and four-quarter limits as alternative
time frames for measuring network tie loss. As it is possible for losses and gains in director
interlocks to take some time to fully materialize, the number of director interlock losses and
gains captured could change when the time frame for observation was altered. The overall results
remained unchanged for both of the alternative time frame specifications. In the same vein, I
tried changing the observation time frame for measuring network tie gain from its original
twenty quarters to twelve quarters. Changing the time frame for measuring network tie gain also
did not produce any significant changes to the overall results presented in the models.
Third, I experimented with using outsider CEO replacement and strategic refocusing as
alternative measures of remedial action. Existing research on CEO succession suggests that
bringing in a CEO from outside of the organization may be preferable when change is needed in
the firm (e.g., Connelly et al., 2015; Hambrick & Mason, 1984). Following prior research, I
coded the replacement CEO as an outsider if the person had fewer than two years of experience
working at the focal firm. Analyses using outsider CEO replacement instead of non-specific
CEO replacement as the independent variable showed positive main effects in some of the
models tested, lending support to the notion that outsider CEO replacement may have added
benefits. However, the results were not consistent across all of the models, and they were
especially unstable when considering interactions with other variables. This suggests that there
may be other factors related to CEO replacement that have yet to be considered.
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Fourth, I tried further refining the measure of CEO replacement by instating a control for
chief financial officer (CFO) replacement. This was to account for the fact that the CFO is often
responsible for instigating the financial fraud alongside the CEO, and thus he or she is often
replaced with the CEO after the disclosure of the fraud. I tried factoring in CFO replacement
along CEO replacement. Factoring in CFO replacement did not result in any significant changes
to the analytical outcomes.
Lastly, I looked separately at interfirm network ties created through independent
directors. Extant research suggests that network tie losses to directors after instances of financial
fraud may be more confined to independent directors (Fich & Shivdasani, 2007). If this is the
case, in the current context, changes in the director interlocks of independent directors may be
the main driver behind the study’s results. This would diminish the value of analyzing all the
director interlocks of a firm, as in this study. To account for such a possibility, I conducted an
additional analysis in which changes in centrality were operationalized using only the
connections instated by independent directors. This analysis did not show any significant results,
indicating that the connections instated by independent directors are not likely to be the main
driver of the results in the current hypothesis-testing models.

Discussion and Future Directions
The main purpose of this study was to tease out the factors that expedite the repair
process of a firm’s damaged network centrality after financial fraud. Previous research has
provided ample evidence of the importance of interfirm networks as well as the damage that can
be done to these networks due to financial fraud. Yet it has fallen short of sufficiently explaining
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how a firm can respond to such damages and facilitate the repair of its interfirm network. More
broadly, relatively little attention has been paid to better understanding how interfirm
connections through director interlocks are developed and maintained over time. A clearer
picture of how a firm can better regain its centrality in its interfirm network after being damaged
by financial fraud would improve the knowledge on the dynamics and processes of interfirm
social networks, while concurrently providing practitioners with better ideas of how to actively
manage their firms’ social capital under stressful conditions.
I aim to contribute to the literature on financial fraud and organizational reintegration, as
well as that on interfirm networks and director interlocks, by mapping out the changes brought
upon interfirm networks and the factors affecting such changes during the aftermath of fraud.
While the importance of taking definitive actions after fraud has been recognized by scholars, it
has not been well-understood how firms should coordinate their actions in order to effectively
repair their social capital. By extending the current research on organizational reintegration after
fraud through the use of social network theory, I show that the interactive effects of distinct
actions taken by fraud-committing firms can have a significant impact on the rate at which a
firm’s social capital is repaired in the aftermath of fraud.
This identification of actions that facilitate the repair of damaged networks also
contributes to social network literature, as it extends our understanding of network change and
development. Despite this topic’s apparent importance, the field has been relatively slow in
accumulating evidence on how networks change over time. This research enhances the field by
showing that certain firm-level actions can influence how the interfirm network of a firm shifts
over time. Exploring the positive influence of network closure on network repair is another
contribution that this study makes to research on social networks. While the potential benefits of
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network closure have been recognized (e.g., Burt, 2005; Coleman, 1988, 1990), existing
literature has emphasized the potential gains from occupying brokerage positions, since these
positions promote the flow of novel information and innovation (Burt, 1992, 2001a, 2001b). This
study adds to the conversation by demonstrating how a network with a high degree of closure
can be beneficial for a firm depending on the circumstances.
The findings presented in this study provide partial support for the notion that certain
remedial actions and firm attributes can facilitate the speed of network repair by helping the firm
to regain trustworthiness in the eyes of its stakeholders. I first proposed that CEO replacement
and strategic change could both be beneficial for the speed of network repair and suggested that
they could have a stronger positive effect on the speed of network repair if they were
implemented simultaneously. The hypotheses about the effects of CEO replacement and strategic
change were not supported in the analysis. However, the analysis produced significant, though
marginal, results supporting the hypothesized relationship between network closure and the
speed of network repair, as well as the interactive effect of CEO replacement and network
closure. The results provide support for the argument that network closure prior to fraud is
beneficial for quickly repairing this network after it is damaged. They also suggest that networks
with higher degrees of closure function as sounding boards, positively moderating the effects of
the remedial actions taken.
The positive impact of network closure is interesting, as it is not often considered in
social network literature, which often focuses on the benefits of structural holes (e.g., Burt,
1992). However, the results from this study suggest that it would be worthwhile to more closely
inspect the benefits of network closure, especially in longitudinal contexts. I only considered
network closure prior to the disclosure of fraud in this study. However, it would be interesting to
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consider how network structural positions change and develop over time and how such changes
interact with other network changes. It is trickier to consider the effect of network structure in
terms of how the structure changes over time, as it is difficult for the focal firm to have direct
control over how the network structure is formed. However, it is still controllable to a certain
extent (Hernandez, Sanders, & Tuschke, 2015) and could be considered in conjunction with
other network attributes to reveal how they co-evolve and influence subsequent performance.
It was surprising that the strategic change variable did not behave as expected in either
the linear or the interactive relationship. One possibility is that the measure of strategic change I
employed in this study was too coarse to capture the necessary detail surrounding strategic
changes. I argued that the magnitude of strategic change is what matters in terms of signaling
change; the resource reallocation measure is appropriate in this regard, as it captures the
magnitude of change regardless of its content. However, when considering strategic change as a
message that can be transmitted through a firm’s interfirm network, it is possible that not all
strategic changes would be accepted as positive messages. For instance, substantial strategic
changes can mean that the firm is becoming more aggressive in its market behavior (e.g.,
increasing spending in advertising and R&D to actively launch new products). Depending on
which firms surround the focal firm as part of its interfirm network, an increase in aggressiveness
may not be viewed favorably. It also may be seen as a risky move to greatly increase spending
after being hit by financial fraud. On the other hand, a firm can perform a substantial resource
reallocation to be more conservative (e.g., layoffs and cutting spending in advertising or R&D).
While being more conservative can be seen in a positive light immediately after financial fraud,
being more conservative is not always a good sign for the long term. There can be other types of
strategic changes that have varying degrees of different effects depending on the specific
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situation and the context a given firm occupies: This suggests that a more detailed measure of
strategic change beyond simple resource reallocation may be what is required to clarify the
relationship between strategic changes and network repair.
From the perspective of CEO replacement, the results in the main and additional analyses
seem to suggest that there might be another CEO attribute that is not being considered in this
study. For instance, an individual’s network structure and position prior to joining the company
can be different for each person. It could also be that new CEOs may differ in how they are
individually connected to other organizations within the focal firm’s existing network, regardless
of their outsider status. Such factors can be important attributes in how well the new CEO can fit
into the existing network of the focal firm and how well the new CEO is expected to function in
that network. Taking a more detailed approach to the characteristics of incoming CEOs in terms
of both network and demographic factors would allow for a more comprehensive evaluation of
the phenomena across levels, which could be helpful in clarifying the effect of CEO replacement
in network repair.
Supplemental analyses using the matched-pair sample also provide additional insight into
the phenomenon under question and provide interesting directions for future research. Somewhat
surprisingly, the matched-pair sample analysis did not show enough evidence to support that the
effects of remedial actions and network structure are significantly different between clean firms
and fraudulent firms. However, it is too early to consider the results presented here as definitive.
As briefly mentioned when describing the matching process, creating a robust comparison
sample for the fraud sample in this study may be difficult due to the uniqueness in the cause of
social capital loss. It is also possible that the undistinguishable results may be due to
aforementioned details regarding strategic change or CEO replacement that have not yet been
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considered—incorporating new details may well change the results regarding how each of the
actions influences the network repair of fraudulent firms. Delving deeper into both of the
variables and introducing more detail into the analysis would certainly be beneficial.
Although the implications of the matched-pair analysis results are limited at this stage,
the results themselves provide another interesting point for future inquiries on the effects of
network closure. Network closure showing a significant positive impact in a clean firm setting
suggests that the reassessment of the effects of network closure may be fruitful. In general, the
literature has emphasized the positive impact of structural holes, which are considered to be the
opposite of network closure (e.g., Burt, 1992, 2001a). However, the effects of network closure
could be different when observing them in relation to the network changes being made over time.
Although there are some studies that investigate the relationship between network structure and
network change (e.g., Shipilov & Li, 2008; Zaheer & Soda, 2009), the research remains limited.
One limitation inherent to this study is how the changes in director interlock connections
are structurally constrained. Although directorships become much more unstable and volatile
following financial fraud, firms can still be constrained in how they switch the directors who are
sitting on their boards. Firms often have restrictions on how many directors they can replace at a
given time, and directors typically have fixed terms that vary in length. Such restrictions may
have an impact on the timing of network changes—both damage and repair. This is partially
handled by considering the first instance of network tie loss as the starting point of the
observation, reducing the concern about the time gap between the disclosure of fraud and the
actual loss. However, the issue is not completely resolved, as structural constraints can impact
how fast a firm is able to repair its network degree centrality. In future extensions of this study, it
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would be beneficial if the structural constraints regarding director changes in each firm could be
more fully addressed.
Another point of this study that could be further developed in future research is how the
severity of fraud is taken into account. I included two variables in the models to control for the
severity of fraud. They were the proxies for the amount of monetary damage incurred, which in
turn was indicative of how extensive the case of fraud was. However, it may be beneficial to
consider other details of fraud cases. As the main mechanism behind the loss of social capital
and its repair is how firms lose and regain their legitimacy, factors other than money can be
influential on how the legitimacy of a firm is negatively (or positively) impacted. Uncovering
how impactful the fraud is from a non-monetary perspective may require new and more
ambitious data sources such as media content related to the fraud incident.
This study is also limited by focusing strictly on instances of financial statement fraud, as
identified from the AAER and Audit Analytics databases. For this study, I purposefully chose a
narrow operationalization of financial fraud to limit the variability of transgressions committed
by the firms in the sample. However, it may be beneficial in the future to expand the data to
include other types of transgressions and to explore how doing so affects network changes and
repair. Such an endeavor can improve our understanding of the effects of different contingencies
on network changes. The current sample is also limited by focusing exclusively on public firms.
It would be difficult to define and operationalize financial fraud for private firms in the same
way as was here done for public firms, however.
In spite of such limitations, I believe this study has the potential to further develop
scholars’ understanding of social capital loss and repair. Even though scholars have been quite
interested in the negative consequences of firms’ failures, research on how firms can recover
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from such negative consequences remains relatively underdeveloped. By focusing on cases of
financial fraud in which networks are damaged and firms are likely to be compelled to repair
their interfirm networks, I hope to shed light on how firms recover from fraud as well as what
firms can do to facilitate positive change and development in their networks.
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Study 2: The Effect of Interfirm Network Change On
Performance Improvements after Financial Fraud
Research has long shown that interfirm networks play an important role in improving
firm performance and ensuring firm survival (e.g., Geletkanycz & Hambrick, 1997; Pennings,
Lee, & van Witteloostuijn, 1998; Slatter & Lovett, 1999). An interfirm network serves as a
channel of communication among multiple firms that helps the firms to obtain necessary
resources and information; the network also facilitates cooperation among the actors within the
network (e.g., Burt, 1992, 2001b; Lang & Lockhart, 1990; Mizruchi & Stearns, 1994; Pfeffer &
Salancik, 1978; Westphal et al., 2006). For the purposes of this study, I focus on the interfirm
networks created through director interlocks. Director interlocks are said to exist when a director
affiliated with one firm serves as a director on the board of another (Mizruchi, 1996).
In addition to being the channel for communication and cooperation, an interfirm
network formed through director interlocks also reflects how the firm is perceived by external
observers. For instance, existing literature on social networks has indicated that the state of
director interlock networks between firms can signify the status or prominence of the firm (e.g.,
Eveland & Hively, 2009; Freeman, 1979; Rodan & Galunic, 2004). This suggests that the effects
of interfirm networks are intertwined with how external observers view and judge a firm—how
interfirm networks change affect how the external parties behave toward the firm and vice versa.
The importance of interfirm networks to firms only increases in crises, such as the period
following the disclosure of financial fraud. When financial fraud is revealed to the public, it can
have a negative impact on the fraudulent firm’s outcomes that extends beyond the initial shock.
Disclosure of fraud not only leads to regulators’ penalization of the focal firm, but it also
typically results in a steep decline in stock price, the replacement of top-management team
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members, and the loss of reputation and legitimacy in the marketplace (e.g., Fich & Shivdasani,
2007; Kang, 2008; Karpoff et al., 2008; Karpoff & Lott, 1993; Pfarrer et al., 2008; Rezaee,
2005). Benefits that can be gained through director interlock networks can prove to be especially
valuable for fraudulent firms’ performance under such stressful circumstances.
Research indicates, however, that the damages incurred by the disclosure of financial
fraud is also damaging to director interlock connections. Fich and Shivdasani (2007) reported
that independent directors within fraudulent firms showed a clear tendency towards losing their
external board seats following the exposure of fraud. Kang (2008) likewise suggested that
interfirm network linkages established through board interlocks were more likely to be severed
after financial misconduct, as linked firms try to avoid the negative spillover of the fraudulent
firm’s damaged reputation. In sum, the loss of reputation and legitimacy associated with the
disclosure of financial fraud causes director interlock ties established prior to the discovery of
fraud to become much more unstable.
These repercussions put organizations experiencing financial fraud in a difficult place—
the organizations require interfirm connections more than ever in order to acquire the necessary
resources and support to recover from the damage, but their interfirm network connections are
likely to become more volatile and unstable in the aftermath of fraud. It is also problematic that
interfirm networks being damaged and becoming more unstable may act as a bad signal in itself,
adding to the decline of firm outcomes. Existing research provides ample evidence of how
financial fraud can be damaging for firms’ networks (e.g., Karpoff et al., 2008; Zahra et al.,
2005). From such research, we do know that an interfirm network will become more unstable
due to an event such as fraud and is likely to change compared to pre-event state, but research on
the effects of interfirm network changes taking place during the aftermath of a damaging event is
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relatively limited. We do not yet fully understand what kind of changes will be beneficial (or
detrimental) to the firms.
To shed light on this matter, I draw from prior research on social network theory and
financial fraud, identifying the specific changes that would potentially have an influence on
fraudulent firms’ subsequent performance improvements. The circumstances following the
disclosure of fraud may be limiting on how much a firm’s interfirm networks can change,
especially in terms of its size or the firm’s structural position within the network. However, even
when changes to size and structural position are limited, it is still possible for a network to be
reconfigured through the composition or the content of the network changing and shifting
(Hernandez et al., 2015).
In this paper, I observe interfirm network changes and their effects in two categories:
overall compositional changes in the network and gain or loss of specific types of network ties.
Overall compositional changes refers to changes in factors such as proportion of ties that are
novel to the focal firm or the degree of industry diversity within the network. I posit that while
overall compositional changes will be beneficial for fraudulent firms, extreme cases can be
detrimental. For the second category, I observe what specific types of ties fraudulent firms are
gaining or losing. I subdivide this category into two smaller categories: changes to the inflow of
reputation and legitimacy and changes to the cost of new ties. In terms of the inflow of reputation
and legitimacy, I propose that losing ties to those firms with restating experiences and gaining
new ties to firms in stock market indices are beneficial for the fraudulent firm. In considering the
cost of new ties, I argue that reaching a balance is important in terms of new ties gained to firms
with similar network positions and to publicly traded firms. By investigating the effects of
various network changes on performance improvements, I hope to further our understanding of
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the relationship between interfirm network and firm performance, as well as contribute to a more
holistic understanding of organizational recovery from crisis.
To test these arguments, I analyzed 156 instances of financial fraud identified and
penalized by the Securities and Exchange Commission (SEC) between 1998 and 2010. Using
director interlock data obtained from the BoardEx dataset and company financial information
acquired from COMPUSTAT, I constructed a panel data set consisting of 2,810 firm-quarters. A
generalized estimating equation (GEE) model was used to account for the unbalanced and lagged
structure of the data, with the past performance of each firm included as a control variable (Certo
& Semadeni, 2006; Liang & Zeger, 1986; Wowak, Hambrick, & Henderson, 2011). Multiple
additional supplemental analyses were carried out, including matched-pair sample analysis, to
further explore the phenomena. The results presented here provide partial support for the
hypotheses and suggest interesting directions for future research.

Theory and Hypotheses
Financial fraud and changes to interfirm networks
Existing research on the effects of social network connections on organizational
outcomes has considered how interfirm connections are beneficial for firms (e.g, Adler & Kwon,
2002; Baker, 1990; Nahapiet & Ghoshal, 1998; Soda et al., 2004; Uzzi, 1997). One of the
fundamental arguments in social network theory is that network ties among multiple
organizations or individuals provide access to valuable resources and information (Burt, 2005;
Coleman, 1988; Tsai & Ghoshal, 1998). As a form of social network connection, interfirm ties
created through board interlocks function as important channels for the flow of information and
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the management of resource dependencies (Pfeffer & Salancik, 1978; Westphal et al., 2006).
Moreover, characteristics of a linked firm’s network and network position can be indicative of
the firm’s level of interaction with other organizations as well as the opportunities available to
the firm (Eveland & Hively, 2009; Freeman, 1979; Prell, 2012).
Resources, information, and support provided through network connections are often
crucial for organizations in adapting to shifting environmental demands (Geletkanycz &
Hambrick, 1997; Slatter & Lovett, 1999). The potential value of the benefits that can be gained
through interfirm network connections is greatest when firms are burdened with the task of
recovering from crises. Crises can be defined as rare events that have a high impact on the
reliability and accountability of organizations; financial fraud and the difficulties firms face
during the recovery process can thus be said to present such a situation (Pearson & Clair, 1998).
Prior research has indicated that firms face substantial losses from the disclosure of financial
fraud on multiple fronts (Karpoff et al., 2008; Zahra et al., 2005). On the monetary side,
regulatory bodies impose fines and restitutions as part of the punishment for fraud. It is also
typical for the disclosure of fraud to be accompanied by a steep decline in stock price and firm
devaluation (Karpoff & Lott, 1993; Rezaee, 2005). On the non-monetary side, a firm’s corporate
governance structure is often disrupted through the either voluntary or involuntary turnover of
top-management team members (Wiesenfeld et al., 2008). Financial fraud also results in the
firm’s loss of reputation and legitimacy in the marketplace, which has a negative impact on the
maintenance of the interfirm network (Arthaud-Day et al., 2006; Cowen & Marcel, 2011; Fich &
Shivdasani, 2007; Kang, 2008). Such losses spanning multiple fronts can together produce
lasting damage to the fraudulent firm.
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Prior research on the potential benefits of social networks has provided some starting
points for identifying network changes that can be beneficial for firms. First, social network
literature tells us that increased network size results in a greater chance of benefits. A larger
network allows a firm to have better access to resources and information and helps the focal firm
appear more prominent among its peers (Eveland & Hively, 2009; Freeman, 1979; Knoke &
Burt, 1983; Prell, 2012). Empirical evidence indeed indicates that a larger network helps the
organization or an individual achieve better performance (e.g., Tsai & Ghoshal, 1998).
However, growth in network size may not be immediately possible for a firm during the
aftermath of fraud, especially when considering that the firm’s interfirm network is likely to have
been damaged (Fich & Shivdasani, 2007; Kang, 2008). Existing research on network tie
reconstitution indicates that not all firms with damaged networks are able to fully regain their
network size, even in non-fraud situations (Stearns & Mizruchi, 1986; Westphal et al., 2006).
Given such a constraint, at least in the short term following financial fraud, firms may benefit
more from network changes that do not necessarily require increased network size.
Firms may also benefit from their interfirm networks by occupying certain structural
positions within their networks. Prior research has pointed out that firms’ structural positions
within their networks can provide advantages for the firms. Depending on a network’s structure,
a firm’s position can allow the firm to have better control over the flow of information within the
network or provide the firm with heightened trust and mutual support (Burt, 1992, 2005;
Coleman, 1988; Gargiulo et al., 2009).
Although the network structural position argument presents a useful framework with
which to assess network benefits apart from network size, it may be inherently difficult for firms
in a post-fraud stage to experience favorable changes to structural positions. Existing research
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has suggested that firms can try to deliberately influence changes in network structural positions
(Hernandez et al., 2015; Lin, 2001). However, structural positions ultimately depend on the ways
other firms form network ties among themselves. Existing research has also suggested that
developing a favorable structural position is linked with having a higher status (Shipilov & Li,
2008; Zaheer & Soda, 2009). Since financial fraud is known to be damaging to the status of the
transgressing firm, it may make it all the more difficult for favorable changes to network
structural positions to take place after fraud.
While growth in network size or favorable shift in structural position may be limited for
fraudulent firms, it is still possible for them to experience meaningful changes to the composition
of their networks. Compositional changes in the network refers to how the proportion or the
mixture of individual ties composing the interfirm network of a firm can shift. Depending on
what kinds of individual ties comprise an interfirm network, networks of the same size and
structural position may provide different results. One advantage of compositional in an interfirm
network in this context is that it can take place independent of network size or structural position.
Depending on the details of the individual ties firms lose and gain after fraud, interfirm networks
can substantially change without having to alter network size or structural position. In the
following sections, I theorize about which network changes would be beneficial for fraudulent
firms in improving their performance post-fraud.

Overall compositional changes in the network
Proportion of novel ties. One network change a firm can benefit from post-fraud is an increase
in the proportion of ties that are novel to the firm. That is, an increase in the proportion of
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connections to other firms without previous history of affiliation, either directly or indirectly, can
help revamp the interfirm network of the fraudulent firm. The formation of such novel ties can
happen in an either voluntarily or involuntarily fashion: Firms may try to repair a node that has
been involuntarily severed, voluntarily terminate a tie with a node and form a tie with a new
node in its place, or try to create a new tie regardless of existing tie termination. Regardless of
the method of network change, an increase in the proportion of novel ties can be beneficial by
making the firm’s interfirm network more distinct from its pre-fraud state and thus helping to
reduce the lasting impact of a negative reputation. A higher degree of novel ties within a network
can act as a demonstration of the change that is taking place within the fraudulent firm. Existing
research on organizational reintegration indicates that one of the factors that commonly appeals
to the stakeholders of a fraudulent firm is a clear indication of the firm’s seriousness about
change (Gillespie & Dietz, 2009; Pfarrer et al., 2008).
On the other hand, gaining benefit from the ties to firms that were not previously
connected to the focal firm may appear contrary to existing wisdom on interfirm relationships.
Research focusing on the benefits of network embeddedness suggests that the superior
information about and trust in each other that results from firms having a prior history of
interactions improves the potential quality and strength of ties formed (Nahapiet & Ghoshal,
1998; Uzzi, 1997). However, some studies have suggested that such relationships also have a
substantial chance of becoming unstable over time, depending on the contingencies and
motivations surrounding the connections formed (Ahuja, 2000; Gulati & Gargiulo, 1999;
Polidoro, Ahuja, & Mitchell, 2011). In the current context, it is important to note that the
disclosure of financial fraud causes an organization to suffer from considerable damage to its
trustworthiness. Having a prior history of interactions may be more of a liability under such
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circumstances, as it creates an additional burden to overcome in order to maintain a beneficial
interfirm connection.
Reputational damages incurred by the disclosure of fraud put fraudulent firms at a
disadvantage in exchanging valuable resources and information through pre-existing ties, even
when ties are maintained after fraud. Although the fact that ties remain intact after the disclosure
of fraud indicates that those ties are influenced relatively less by the potential of negative
spillover, firms on the other side of the ties may still be more cautious about engaging in active
exchanges with the fraudulent firm. Prior research on power and resource dependency has
additionally suggested that if one side of a dyadic relationship has lost its bargaining power by
having a negative image, maintaining the old relationship can be more costly than starting a new
relationship with a clean slate (Pfeffer, 1992, 2010).
These arguments suggest that fraudulent firms can hope for better returns when the
proportion of novel ties are higher within their interfirm networks than they can when they have
a higher proportion of ties to previously known organizations or ties maintained from prior to
fraud. However, having the entire interfirm network composed of novel ties may not produce the
best results. Novel ties, while having the benefit of providing a clean slate, may incur higher
costs in being established and maintained compared to ties with prior interaction history.
Network connections require time and effort to form and maintain (Hallen & Eisenhardt, 2012).
As previously discussed, ties with prior interaction history can generally be expected to be more
cost-friendly than novel ties. Thus, too high a proportion of novel ties within the network may
reduce the relative benefits realized by the focal firm through costs being too high as well. This
suggests that the relationship between novel tie proportion and firm performance is more likely
to be curvilinear, with an inverted U-shaped curve, rather than linear.
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Hypothesis 1. Proportion of novel ties and performance improvement post-fraud will have an
inverted U-shaped curvilinear relationship, so that a moderate degree of novel-tie proportion
will have the strongest positive association with performance improvement.

Industry diversity within network. Another aspect of compositional change fraudulent firms
may benefit from is increase in the industry diversity within their networks. Prior research on the
relationship between various forms of diversity and firm performance has suggested that
diversity existing within firms can be beneficial by increasing the breadth of knowledge and
capabilities available to the firms. Yet the literature also indicates that the relationship between
diversity and performance is not likely to be a simple linear relationship. For instance, studies on
the effect of functional diversity of top-management teams (TMTs) on firm performance have
found that diversity can contribute to firm performance by helping to generate more creative
solutions and ultimately increasing the quality of the decisions made (Bunderson & Sutcliffe,
2002; Cannella, Park, & Lee, 2008; Carpenter, Geletkanycz, & Sanders, 2004; Wiersema &
Bantel, 1993). On the other hand, studies have also indicated that increasing diversity carries
certain costs, such as initially slowing down decision-making processes and causing conflict
(Bunderson & Sutcliffe, 2002; Chatman & Flynn, 2001; Harrison, Price, & Bell, 1998; Williams
& O’Reilly, 1998). Given these co-occurring benefits and costs, it is difficult to predict a linear
relationship between diversity and firm performance.
Research focusing on knowledge gains and innovation through alliance formations
provides additional insight into predicting a non-linear effect for diversity. Sampson (2007)
showed that the knowledge diversity that can be gained through forming alliances with
technologically diverse partners yields the highest returns when the level of diversity is
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moderate, rather than too high or too low. The rationale for this is that when diversity is high, the
knowledge to be assimilated is often too different from existing knowledge to be efficiently
absorbed. On the other hand, low diversity renders the new information too similar to existing
knowledge, thus making it less valuable.
Similar logic can be applied to the degree of industry diversity existing within a network.
Increasing the diversity of industries connected through an interfirm network helps the focal firm
in gaining access to a wider variety of information and resources, which can be vital during the
post-fraud recovery process. However, too much diversity may become harmful to performance
by increasing the costs associated with managing diversity. All in all, this suggests that the
benefits of diversity within a network may increase up to a certain point, but the positive impact
of diversity begins to diminish as the level of diversity rises further.
Hypothesis 2. Network industry diversity and performance improvement post-fraud will have an
inverted U-shaped curvilinear relationship, so that a moderate degree of industry diversity will
have the strongest positive association with performance improvement.

Changes in specific types of network ties
In addition to changes to the overall network composition discussed in the previous
section, there can be differences across firms in specific types of ties that are lost or gained
following the disclosure of fraud. Such distinctions can prove to be influential in how each
fraudulent firm is affected differently by changes in their networks.
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Network changes beneficial for reputation and legitimacy
Losing ties to firms with restatement experiences. First, losing pre-existing ties to firms with
prior experiences of restatement can be helpful for the fraudulent firms. Existing research
indicates that firms previously connected to the firm committing financial fraud are motivated to
sever their ties to the fraudulent firm (Fich & Shivdasani, 2007; Kang, 2008), mainly to avoid the
negative spillover of reputation. It is possible for connected firms to suffer reputational damage
simply through their association with the problematic organization. Severing direct connections
such as director interlocks is an action firms surrounding the transgressing firm can take as an
attempt to avoid the negative spillover as best as possible.
Although the sample firms in this study are the fraud-committing ones whose ties to their
connections were severed as they became the source of negative spillover, these firms may also
benefit from losing their ties to firms with prior restatement experiences. Evidence from
organizational reintegration literature suggests that any indicator that makes the fraudulent firm
more distinct from its pre-fraud state is beneficial for the focal firm (Gillespie & Dietz, 2009;
Pfarrer et al., 2008). If the focal firm had interfirm connections with organizations with
restatement experiences prior to the disclosure of fraud, losing ties to these firms can act as an
additional signal that the focal firm is becoming cleaner in its interfirm network during the
recovery process. Even if the ties to firms with restatement experiences are not entirely lost,
simply having a lower proportion of such ties within the interfirm network can still be helpful.
One caveat of this approach from the observational standpoint is that it is difficult to
distinguish between ties to restatement firms that have been involuntarily lost and ties that have
been voluntarily severed by the focal firm. However, regardless of how the ties have been lost,
having fewer ties, thus lowering the proportion of such ties within the network, with firms with
64

of questionable financial history helps reduce the image of financial misdeed hanging over the
focal firm and thus contributes to improving performance in the market after financial fraud.
Hypothesis 3. The proportion of ties to firms with restatement experiences that has been lost will
have a positive association with post-fraud performance improvement.

Gaining ties to firms in stock market indices In contrast to losing ties to firms with tainted
reputations, a firm can receive an additional boost to its legitimacy and reputation through
gaining certain types of new ties. More specifically, gaining new ties to firms that have high
visibility in the industry and have shown good performance can help enhance the legitimacy of
the focal firm (Podolny, 1994). Firms included in major stock market indices13 fit this category
well: To be included in stock market indices such as Standard & Poor’s 500, firms are required
to meet certain performance criteria and must be widely traded in the stock market. Being
included in stock market indices guarantees to a certain extent that the firm has a high level of
market presence and a reputation for good performance.14
New ties formed to firms that are included in stock market indices will grant a clear
benefit to fraudulent firms in this regard. Fraudulent firms would be able to draw from the high
legitimacy of firms included in stock market indices and boost their own image through having
connections to high-performing and well-known firms. In addition, fraudulent firms would be
gaining a chance to tap into superior resources and information of high-performing firms through
new ties. Although the effect would likely manifest over a longer period of time and be more
Other major stock market indices include Standard & Poor’s 1500, Dow Jones, and NASDAQ 100.
An alternative approach to this would require looking directly at the performance indicators of the newly connected firms.
While this approach can provide a more precise metric for a larger number of firms, it creates additional confusion as to which
performance metric to choose in determining which firms are high performing. It also prevents the researcher from directly
addressing the visibility issue.
13
14
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indirect, it is possible that gaining a tie to a stock market index firm would signify to other
surrounding firms that it is safe to connect with the fraudulent firm—thus helping the focal firm
to gain better network ties and perform better in the longer run.
Granted, it may be difficult for the new ties to form to firms within stock market indices
given that the attractiveness of the focal firm as a business connection is low during the
aftermath of fraud. The fact that the number of stock market index firms is limited does not help
either. Thus the proportion of such ties among all new ties gained after fraud is likely to be small.
However, even if the number of ties gained to stock market index firms is limited and its
proportion among all new ties gained is small, I expect the distinctiveness of such ties would
likely lead to a favorable impact on performance improvements after fraud.
Hypothesis 4. The proportion of ties formed to firms that are constituents of the stock market
indices will have a positive association with post-fraud performance improvement.

Network changes related to the cost of new ties
Proportion of new ties in similar network position. Prior research has suggested that the
payoff from interfirm connections can be influenced by the compatibility of network positions15
between the partners (Polidoro et al., 2011). Research on the relationship between positional
embeddedness and alliance formation posits that firms prefer to form ties to others with similar
network centrality and that such ties tend to be more stable (Gulati & Gargiulo, 1999; Podolny,
1994). The research also indicates that if firms are less asymmetrical in terms of their network
15

The term of network position used here should be distinguished from the term of network structural position discussed earlier
in this study. Network structural position discussed earlier specifically points to a firm’s relative network position to others, such
as structural hole or brokerage position. Network position mentioned here points to a more general concept, which includes
attributes such as network degree centrality. An alternative term could be “network profile”—however, I adhered to a term that is
more commonly used in the literature.
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positions they are less likely to suffer from the imbalance of power between them (Mizruchi,
1982). With less friction coming from imbalance of power, such firms are more likely to have
relationships that are stable and have better payoffs on both ends.
Network position can be measured in multiple ways. One of the most widely accepted
methods of measuring the network position of a firm is through its degree centrality. Degree
centrality, while being one of the simplest measures of network position, conveys a wealth of
information about the network attributes of the firm, including its potential access to resources
and its prominence within its interfirm network (e.g., Eveland & Hively, 2009; Freeman, 1979).
The aforementioned arguments indicate that firms with similar levels of centrality are able to
create relationships that are more balanced, which would be relatively more enduring and likely
to produce better results over time than unbalanced ones.
The argument for network position similarity provides a more nuanced approach to
understanding the types of network changes that are beneficial for fraudulent firms: Simply
having more ties established to firms with larger network sizes may not be the most effective.
Even if all new ties to the fraudulent firm are to firms with relatively high degree centrality, the
fraudulent firm, for the reasons described above, may not be able to draw from those larger
networks as much as it had intended: Unless the focal firm is able to maintain a level of
centrality that matches the high centrality of new ties, the efficiency or the cost effectiveness of
such new ties will be low. This would likely render having a high proportion of new ties to high
centrality firms less effective for fraudulent firms, as it would generally be difficult to maintain
or create high centrality status after the disclosure of fraud, at least in the short run.
One the other hand, having an extremely high proportion of new ties to firms with similar
network position (in terms of degree centrality) is not optimal either. A high proportion of new
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ties to firms in similar network positions can prove to be suboptimal since it eliminates the
potential benefits of connecting to firms with diverse network positions. While an extremely high
proportion of new ties to firms that are in different positions can be detrimental in terms of cost,
an extremely high proportion of new ties to firms with similar network positions would reduce
the potential benefits that can be gained from the interfirm network. What I argue, then, is that in
the context of making the most of network changes after financial fraud, firms can gain most by
being cognizant of the potential costs associated with the compatibility of their new connections
and trying to obtain a balance between the costs and benefits. Thus, I propose that the proportion
of new ties formed to firms with similar network positions among all new ties initially has a
positive impact on performance improvement, but it diminishes as the proportion increases.
Hypothesis 5. The proportion of ties formed to firms with similar network positions (degree
centrality) among all new ties created will have an inverted U-shaped association with postfraud performance improvement.

Proportion of new ties to publicly traded firms. Increasing proportions to publicly traded
firms and private firms may have different benefits and costs. Publicly traded firms are, by
definition, more visible within the market and thus more susceptible to market scrutiny. One of
the aspects that clearly distinguishes publicly traded firms from other types of organizations is
the amount of information available to the market about the firms’ values and operations (Reuer
& Ragozzino, 2008). Publicly traded firms gain the approval of the market and legitimacy by
openly adopting the regulations and prevailing practices of the market through the process of
becoming publicly traded, including the act of making an initial public offering (IPO) (DiMaggio
& Powell, 1983; Meyer & Rowan, 1977). In this regard, publicly traded firms can be desirable
68

partners for fraudulent firms as the publicly traded firms offer fraudulent firms a chance to
enhance their legitimacy by tapping into other more legitimate organizations (Certo, 2003).
Another difference between new ties formed to publicly traded firms and privately held
firms is the visibility of network ties themselves. In general, information about ties with publicly
traded firms is more readily available to stakeholders outside of the firm, thus making the ties
more clearly visible. For instance, a publicly traded firm’s ties to other publicly traded firms
through director interlocks are almost always laid out clearly in annual reports or proxy
statements of firms on either side. However, a publicly traded firm’s ties to private firms are
often not shown in detail through such company documents. There are sources of information
available to distinguish the director interlock ties to private firms, but this information is not as
readily visible from the outside as ties to publicly traded firms. This indicates that new ties
formed to publicly traded firms following financial fraud are likely to act as a stronger signal to
the external stakeholders, adding to their potential benefit.
However, it is also possible for new ties to publicly traded firms to cause a fraudulent
firm to incur too high a cost as the proportion increases. Given that negative reputation spillover
is one of the major concerns for other firms in creating or maintaining ties with the fraudulent
firm, and publicly traded firms are more susceptible to the scrutiny of the external observers,
publicly traded firms may be more reluctant to form new ties with a fraudulent firm with a
tainted reputation. It would require additional effort and time on the part of the fraudulent firm to
establish new connections to (or maintain connections with) publicly traded firms. The additional
resources and time necessary for the network changes to take place render such changes less
efficient—resulting in lower returns (Hallen & Eisenhardt, 2012; Karpoff et al., 2008; Pfarrer et
al., 2008). On the other hand, network connections with private firms typically require relatively
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lower cost to establish and maintain—which often results in higher returns (Capron & Shen,
2007). Thus, while the proportion of new ties formed to publicly traded firms among all new ties
formed has a positive impact on performance improvement of the fraudulent firms, the effect
diminishes as the proportion increases and network change becomes more exclusively
constituted with new ties to publicly traded firms.
In the sense that forming network connections will enhance legitimacy, public firms are
similar to previously discussed stock market index firms. They also overlap in firm
characteristics since all firms included in stock market indices are publicly traded firms.
However, the key difference between the two is that the number of stock market index firms are
quite limited—compared to the entire pool of publicly traded companies to which fraudulent
firms can connect. Stock market index firms can thus be considered a special type of publicly
traded firm to which new ties would have a significant effect even when observed in small
quantities, while the overall effect of new ties to publicly traded firms would be more dependent
on their proportion relative to the proportion of new ties to privately held firms.
Hypothesis 6. The number of ties formed to publicly traded firms among all new ties created will
have an inverted U-shaped association with post-fraud performance improvement.

Methods
Sample and data
The initial sample was drawn from financial fraud cases in the Accounting and Auditing
Enforcement Releases (AAER) disclosed by the SEC between the period of January 1998 and
December 2007, as provided by Committee of Sponsoring Organizations of the Treadway
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Commission’s (COSO) 2010 report on corporate financial frauds (Beasley et al., 2010).16 AAER
is a database updated by the SEC and contains summaries of enforcement actions taken by the
SEC against publicly traded companies. AAER is considered to be one of the most
comprehensive source of alleged financial statement fraud cases and has been used frequently by
scholars studying the phenomenon (Beasley et al., 2010). The sample was supplemented with
cases found in Audit Analytics for the period between January 2008 and December 2010.17 Only
the cases violating Rule 10(b)-5 of the 1934 Securities Exchange Act or Section 17(a) of the
1933 Securities Act were included in the initial sample. This was to keep the focus on instances
that clearly involved financial statement fraud and exclude cases resulting from errors or actions
that did not directly violate federal antifraud regulations. After collecting the initial sample of
fraudulent firms, I constructed a panel data by tracking interfirm network and performance
changes for each of the sample firms over a 20-quarter (five-year) period after fraud. Using
quarters as the unit of time rather than years allowed for a finer-grained approach in assessing
network and performance changes.
In constructing the panel data, I first collected data on director interlocks using the
BoardEx database. BoardEx is a proprietary database providing detailed biographical
information about senior managers and directors, including education and employment history. It
is one of the most comprehensive databases available for studying interfirm connections through
director interlocks (Engelberg et al., 2013). One clear advantage of BoardEx over other datasets
covering corporate board memberships such as RiskMetrics (currently named ISS) is that
BoardEx covers memberships in both publicly and privately held firms, as well as directorships
16

The initial list of relevant fraud cases was provided by Mark S. Beasley from data collected for a comprehensive report on
fraudulent financial reporting commissioned and published by COSO (Beasley et al., 2010). See report for details on the sample
collection and selection of appropriate cases within AAER.
17 Audit Analytics is another dataset focusing on publicly traded firms’ audit-related issues, including financial restatements and
frauds. It is also considered to be one of the most comprehensive databases covering such issues (Chen et al., 2015).
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or employments in non-profit organizations. This enables the researcher to construct a more
comprehensive measurement of interfirm network connections. I was able to identify 171
companies from the initial fraud sample with relevant director interlock data. Affiliation and
basic demographic information for each of the senior managers and directors was also collected.
Detailed historical and current employment and affiliation data provided by BoardEx for all
listed individuals allowed me to track quarterly changes in interfirm connections over time.18
I next extracted additional information about each of the fraud cases from the relevant
AAER documentation, including the date when the fraud first became publicly known, the
number of years restated, and the penalties incurred. When AAER did not contain adequate
information, it was supplemented with other documentation such as rulings from class-action
lawsuits that contained additional details about the transgression. For instance, Stanford Law
School’s Securities Class Action Clearinghouse19 provides a comprehensive coverage of class
action lawsuits filed against corporations. Information from class action lawsuit filings acts as a
good complementary source of information about financial fraud cases. Additional sources such
as Bloomberg Law20 and Google news search were also utilized to search for more information
from lawsuits or cases related to the financial fraud in question.
Firm-level financial data were collected through COMPUSTAT. Data were collected and
organized in quarterly format to utilize monthly network data to the fullest. Since BoardEx and
COMPUSTAT differ in their use of identifiers for the companies in their databases, I utilized
ticker symbols and International Security Identification Numbers (ISIN) whenever possible
(ISIN can be used to derive Committee on Uniform Security Identification Procedures [CUSIP]
18

BoardEx provides starting and ending dates for the majority of employment information included in the dataset. This is another
advantage BoardEx has over other corporate governance datasets. For some cases, only years were provided for beginning and
ending of a person’s role as director or manager. I considered such cases to be beginning in January and ending in December.
19 http://securities.stanford.edu/
20 http://www.bna.com/
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numbers, which are included in COMPUSTAT) and matched firms manually by firm names
when identifiers were not available. For manually matched firms, I compared the lists of
executives and directors to ensure the firms were correctly matched. Excluding observations with
missing firm-level data, the final sample consisted of 156 firms and 2,660 firm-quarters.

Dependent variable
I measured firm performance over a 20-quarter period following the disclosure of fraud
to investigate how network changes influenced performance improvements post-fraud. Tobin’s
Q was used to assess the performance of the firms. Tobin’s Q is widely used in strategy literature
as an indicator of a firm’s market-based performance as well as opportunities available to the
firm (e.g., Dong, Hirshleifer, Richardson, & Teoh, 2006; Misangyi & Acharya, 2014) . A
market-based performance indicator was deemed more appropriate for assessing performance
changes in relation to financial fraud, since the damage from disclosure of fraud includes the
reputation of the firm and how it is perceived by others in the market. Tobin’s Q was winsorized
at the 2nd and 98th percentiles to reduce the impact of extreme outliers (Ebben & Johnson, 2005;
Kennedy, Lakonishok, & Shaw, 1992).21

Independent variables
Variables of interest I used in the model were network composition novelty, network
industry diversity, negative reputation ties lost, positive reputation ties gained, highcompatibility ties gained, and high-visibility ties gained. Network composition novelty indicates

21

Alternative setting of winsorizing at the 1st and 99th percentile, as well as the 5th and 95th percentile, showed identical results.
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the degree to which the fraudulent firm changed its interfirm network contacts to previously
unconnected firms (novel ties). This indicates, in general, how much change is taking place
within the interfirm network of the focal firm, regardless of change in network size, to increase
the newness of network connections. Network composition novelty was measured by counting
the number of ties created post-fraud to previously unconnected organizations and calculating the
proportion of such ties among the total count of network ties. The variable has been square roottransformed to correct for the skewness in the distribution. Network industry diversity indicates
the level of diversity in terms of unique industries included in the fraudulent firm’s network. The
diversity of industry within the fraudulent firm’s network was measured by first obtaining
information about the industry of firms directly connected to the focal firm then calculating
Blau’s Index of Diversity from the industry information.
Negative reputation ties lost accounts for the ties to firms with previous restating
experience that had been lost after fraud. It is measured by counting firms that have been
removed from the focal firm’s interfirm network after fraud was disclosed and calculating the
proportion of such ties among the total loss of ties that occurred. Positive reputation ties gained
accounts for the number of new ties that are listed in market indices. COMPUSTAT provides a
list of index constituents for each year including indices maintained by Standard & Poor’s,
NASDAQ, and Dow Jones. New ties created to firms within the list in each of the quarters were
counted and the proportion of such ties within the total new ties created were calculated.
High-compatibility ties gained accounts for the proportion of new ties that display a
similar network position to the focal firm in terms of degree centrality. Each firm was assigned a
high or low indicator (1 if high, 0 if low) based on the comparison with sample mean of degree
centrality for each time period. If a newly created tie had the same indicator as the focal firm it
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was counted as a new tie with similar position. The number of new ties with similar network
position was counted and accumulated into a running sum. This was divided by the cumulative
sum of total new ties created to generate a proportion variable. High-visibility ties gained
accounts for the new ties that are formed to the firms whose stock is publicly traded in the
market. The number of ties that were newly connected to publicly traded firms after financial
fraud was counted and aggregated over the quarters, then its proportion among the cumulative
total of all new ties created was calculated.

Control variables
I controlled for multiple variables that could potentially have an impact on performance
improvements of the firm post-fraud, other than my variables of interest. First, industry and year
were controlled to take any unobserved industry and time period effect into account. Industry
was controlled for using a two-digit SIC code and year was controlled for using year dummies
created with 1994 as the reference year. The results for industry and year controls are not
reported in the tables to conserve space.
Extant research has suggested that the severity of the fraud can have an impact on firmlevel outcomes after fraud (Gomulya & Boeker, 2014; Karpoff et al., 2008). The log-transformed
value of monetary penalties firms received was included as firm penalty as a control for such
impacts. Restating years, which indicates the number of years the firm had to restate its financial
statements, was also controlled for to further account for the severity of the fraud. Firm size can
also have a relationship with the performance changes, and thus was controlled for using the logtransformed value of total employee counts for each quarter. In addition to firm size, I controlled
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for quick ratio and leverage ratio to take into account a firm’s resource slack and overall
financial health (Chen & Hambrick, 2012). The board size of each quarter was included in the
analyses as different board sizes can be influential in network changes (e.g., Arthaud-Day et al.,
2006). To control for the potential effect of the firm’s network structure, I included network
density in the model as well.
I included Tobin’s Q (t-1), the dependent variable lagged one period, to account for the
fact that the current performance of a firm may be contingent on the firm’s past performance
(Wowak et al., 2011). In a similar vein, pre-fraud Tobin’s Q was also included to control for firm
performance prior to fraud disclosure. Pre-fraud Tobin’s Q was calculated by taking the average
firm performance for a 12-quarter prior to fraud disclosure. Industry average Tobin’s Q was
included as an additional control for industry effects and to ensure that the performance
improvement of the firm was not due to overall trends in the industry. Industry average Tobin’s
Q was obtained using industry performance data aggregated from COMPUSTAT.
CEO replacement was controlled for as changing the CEO can have a substantial impact
on the firm’s future directions and performance (Barker & Duhaime, 1997; Chen & Hambrick,
2012). It was coded as 1 if a CEO was replaced within a year after fraud disclosure and 0 if a
CEO was not replaced. I took extra care to ensure that the CEO replacement was due to fraud
rather than other reasons by extensively reviewing company documents and media reports of the
CEO succession event. I also controlled for strategic change as substantial changes in strategic
direction can have an impact on performance changes. Strategic change was measured as
changes in resource allocation patterns of firms. How firms reallocate their resources was
measured through tracking absolute changes in six strategic choice areas to represent firms’
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strategic changes (Crossland et al., 2014; Haynes & Hillman, 2010).22 The values of strategic
changes in each quarter were aggregated to calculate the cumulative average over time. The CEO
replacement and strategic change variables were both lagged one period.
In addition to the aforementioned control variables that were uniform to all models, I also
included a set of control variables that were unique to certain models. More specifically, I added
past negative reputation ties, negative reputation ties gained, past positive reputation ties, and
positive reputation ties lost for the model testing Hypotheses 3 and 4. I added past highcompatibility ties, high-compatibility ties gained, past high-visibility ties, and high-visibility ties
lost for models testing Hypotheses 5 and 6. These control variables were included to make sure I
was considering all aspects of specific types of tie changes in the models. For instance, if I only
considered the negative reputation ties lost in testing Hypothesis 3, I would be neglecting how
many the firm had to begin with as well as how many the firm gained following the fraud. This
applies in the same manner to all of other variables for testing Hypotheses 4, 5, and 6. The
variables with past prefix measure how much of the specific type of tie the focal firm had prior
to fraud. The other variables were set up to account for the variables that were conceptually
opposite to the main independent variables used.23

Estimation methods
I employed GEE to test the proposed hypotheses. Since the data used consisted of an
unbalanced panel, OLS regression was not suitable for the analysis (Certo & Semadeni, 2006).
22

These six areas were advertising intensity (advertising/sales), R&D intensity (R&D/sales), overhead efficiency (selling,
general, and administrative expenses/sales), inventory level (inventory/sales), plant and equipment newness (net plant and
equipment/gross plant and equipment), and financial leverage (debt/equity)
23 Such controls were unnecessary for models testing Hypotheses 1 and 2. The variables used in those models already account for
the entire interfirm network of a firm.
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GEE, which can accommodate non-independent observations, is suitable for analyzing
longitudinal data with repeated observations of a subject (Liang & Zeger, 1986). Prior research
has indicated that GEE is suitable for studying longitudinal outcomes, especially for cases where
unobserved differences among the subjects of interest as well as intertemporal correlations
among outcome variables for each subject should be accounted for (e.g., Henderson, Miller, &
Hambrick, 2006; Wowak et al., 2011). I did not use fixed-effects models, as the analysis models
involved time-invariant variables such as CEO replacement and fraud penalty. I specified a firstorder autoregressive correlation structure and robust variance estimates, which provided more
conservative results (Liang & Zeger, 1986). More specifically, I analyzed all models using the
xtgee, corr(ar1) vce(robust) function in Stata 14 (StataCorp, 2015).

Results
Table 2.1 shows the descriptive statistics and correlation matrix for all variables included
in the analyses except the industry dummies. Correlations between variables that are not included
in the same model are excluded from the matrix. While the correlation matrix in general does not
show unreasonably high correlations between independent variables, there are instances of
specific tie types that do show correlations on the higher side. To ensure that I did not run into
multicollinearity issues, I ran additional collinearity diagnostics for each of the analytic models
using the collin command in Stata 14 (StataCorp, 2015). Variance inflation factor (VIF),
tolerance values, and conditional index values from collinearity diagnostics for all independent
variables stayed within a reasonable range (VIF < 10, tolerance > 0.45, conditional index < 30),
indicating no serious concerns regarding multicollinearity (Belsley, 1991; Cohen et al., 2003).
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Table 2.1. Correlation matrix and descriptive statistics
Variable
1. Firm size
2. Industry average Tobin’s Q
3. Pre-fraud Tobin’s Q
4. Firm penalty (million USD)
5. Restating years
6. CEO replacement
7. Strategic change
8. Quick ratio
9. Leverage ratio
10. Board size
11. Network density
12. Network composition novelty
13. Network industry diversity
14. Past negative reputation ties
15. Negative reputation ties gained
16. Past positive reputation ties
17. Positive reputation ties lost
18. Negative reputation ties lost
19. Positive reputation ties gained
20. Past high-compatibility ties
21. High-compatibility ties lost
22. Past high-visibility ties
23. High-visibility ties lost
24. High-compatibility ties gained
25. High-visibility ties gained

Mean
11.39
3.78
4.82
213
3.03
0.42
0.11
4.53
0.28
7.84
0.42
0.53
0.66
0.04
0.05
0.15
0.16
0.06
0.16
0.58
0.55
0.47
0.47
0.62
0.44

S.D.
25.13
15.58
10.80
751
2.43
0.49
2.62
21.86
0.26
3.79
0.23
0.29
0.31
0.10
0.11
0.15
0.22
0.13
0.20
0.26
0.36
0.21
0.34
0.35
0.31

1

2

3

4

5

6

7

0.05*
-0.03
0.01
-0.01
0.02
0.08*
-0.06*
0.03
0.01
-0.01
0.01
0.02
-0.03
-0.01
0.03
-0.06*
0.02
-0.06*
0.10*
0.03
0.05*
0.02
0.00
0.025

-0.05*
-0.01
-0.06*
0.07*
0.12*
-0.03
-0.12*
-0.01
0.03
0.00
0.05*
-0.07*
-0.00
0.00
-0.02
-0.04*
0.03
-0.01
0.03
-0.01
0.04
0.04
0.02

0.34*
0.11*
-0.00
-0.35*
-0.03
0.03
0.44*
-0.11*
0.07*
0.27*
0.32*
-0.05*
0.53*
0.20*
0.05*
0.16*
0.40*
-0.08*
0.18*
0.16*
-0.17*
0.15*

0.11*
0.17*
-0.12*
-0.00
0.03
0.21*
0.02
0.05*
0.14*
0.20*
-0.01
0.25*
0.10*
-0.01
0.17*
0.24*
-0.08*
0.12*
0.09*
-0.14*
0.13*

-0.04*
-0.27*
-0.05*
-0.09*
0.16*
-0.12*
0.01
0.09*
0.21*
0.21*
0.09*
0.11*
0.13*
0.14*
0.03
0.04*
0.03
0.06*
-0.04*
0.09*

-0.01
-0.03
-0.06*
0.05*
-0.03
0.27*
0.10*
0.06*
0.02
0.05*
0.12*
0.10*
0.08*
0.09*
0.11*
-0.01
0.14*
0.15*
0.05*

0.01
0.07*
-0.42*
0.08*
-0.12*
-0.27*
-0.33*
-0.11*
-0.33*
-0.28*
-0.12*
-0.26*
-0.19*
0.03
-0.05*
-0.13*
0.06*
-0.17*

Variable
8. Quick ratio
9. Leverage ratio
10. Board size
11. Network density
12. Network composition novelty
13. Network industry diversity
14. Past negative reputation ties
15. Negative reputation ties gained
16. Past positive reputation ties
17. Positive reputation ties lost
18. Negative reputation ties lost
19. Positive reputation ties gained
20. Past high-compatibility ties
21. High-compatibility ties lost
22. Past high-visibility ties
23. High-visibility ties lost
24. High-compatibility ties gained
25. High-visibility ties gained

8

9

10

11

12

13

14

15

16

-0.01
0.22*
-0.06*
-0.01
0.08*
0.00
0.02
0.08*
0.03
-0.02
0.08*
0.05*
0.04
-0.03
0.03
-0.02
-0.00

0.03
0.07*
-0.06*
0.05*
0.10*
-0.11*
0.13*
0.04*
0.02
-0.01
0.06*
-0.07*
-0.04
-0.05*
-0.15*
-0.03

-0.22*
0.20*
0.52*
0.47*
0.14*
0.67*
0.37*
0.18*
0.37*
0.64*
0.10*
0.21*
0.39*
-0.12*
0.36*

0.07*
0.11*
-0.10*
0.01
-0.17*
-0.06*
-0.02
-0.10*
-0.08*
-0.02
-0.11*
-0.12*
0.13*
0.02

0.25*
-

-

0.13*
0.61*
0.37*
0.39*
0.31*
-

0.01
0.16*
0.16*
0.37*
-

0.45*
0.18*
0.35*
-

17

18

19

20

21

22

23

24

Variable
17. Positive reputation ties lost
18. Negative reputation ties lost

0.36*
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19. Positive reputation ties gained
20. Past high-compatibility ties
21. High-compatibility ties lost
22. Past high-visibility ties
23. High-visibility ties lost
24. High-compatibility ties gained
25. High-visibility ties gained

0.41*
-

0.13*
-

-

0.09*
0.32*
0.35*
-0.10*
0.31*

0.08*
0.49*
0.38*
0.20*

0.38*
-0.10*
0.23*

0.12*
0.39*

0.23*

(n=2,660, 156 firms) *p<0.05

Figures 2.1 and 2.2 show more detailed information on how the dependent variable was
laid out. Figure 2.1 shows how sample average of firm performance changed over time during
the observation period. The graph indicates that while there was an upward trend, there were
wide fluctuations in performance over time. Figure 2 indicates how many firms in the sample
were actually able to improve their performance during the observation period. The graph shows
that over 40% of the firms did not improve in their performance compared to their pre-fraud
state. Only a little over half (55.8%) of the sample firms were better off compared to how they
were performing prior to fraud. While this is not exactly in line with how I measured the
dependent variable, it shows it is not easy to improve performance after suffering from fraud.
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Figure 2.1. Trend of sample firm performance
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Figure 2.2. Performance improvements when comparing pre- and post-fraud
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Figures 2.3 and 2.4 lay out the trend of how firms gained and lost interfirm connections
over the 20-quarter period following fraud. Figure 2.3 shows how the number of new interfirm
connections gained each quarter changed over time. Figure 2.4 shows the number of interfirm
connections lost each quarter after the disclosure of fraud. Both graphs show that there was a
downward trend as time passed, although number of connections lost fluctuated much more
compared to the number of connections gained.
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Figure 2.3. Number of new ties created after fraud
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Figure 2.4. Number of ties lost after fraud
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Figures 2.5 through 2.7 lay out the distribution of independent variables in more detail.
Figure 2.5 shows how the independent variables for overall network compositional changes were
distributed. It shows that the observations were concentrated mainly around moderately high
values for both variables. It is also notable that a sizable number of observations on either of the
variables that had very low values. Figure 2.6 shows that the distributions of the negative
reputation ties lost, and positive reputation ties gained were as expected. The distributions are
skewed to the right, showing that the number of ties that are lost or gained in these instances
were generally low. Lastly, Figure 2.7 shows the distribution of variables for high-compatibility
ties gained, and high-visibility ties gained. The distribution for high-compatibility ties gained in
the left-hand panel of Figure 2.7 skews more to the left, indicating that it was more likely to
score high on the proportion of new ties created to firms with similar network positions. The
distribution on the right panel of Figure 2.7 is somewhat similar to the distributions in Figure 2.5
in that there were a sizable number of observations with very low scores. However, the
distribution excluding that seems to be more normally distributed.
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Figure 2.5. Network composition novelty and network industry diversity
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Figure 2.6. Negative reputation ties lost and positive reputation ties gained
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Figure 2.7. High-compatibility ties gained and high-visibility ties gained
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Table 2.2 shows the GEE models used to test the hypothesized relationships in overall
network changes. Model 1 includes all of the control variables, with some of the variables
showing a significant relationship with performance improvements. Models 2 and 3 show results
for testing Hypotheses 1 and 2, which proposed that novel tie proportion and network industry
diversity would have an inverted U-shaped curvilinear relationship with the performance
improvements post-fraud. The results show strong support for both Hypotheses 1 and 2.
Table 2.2. GEE results for overall network compositional changes
Variable
Firm size (t-1)
Tobin’s Q (t-1)

Model 1

Pre-fraud Tobin’s Q

Restating years
CEO replacement (t-1)
Strategic change (t-1)
Quick ratio (t-1)
Leverage ratio (t-1)
Board size (t-1)
Network density (t-1)
Network composition novelty
Network composition novelty2

Model 4

-0.024**

-0.022**

-0.019*

-0.018+

(0.009)

(0.010)

(0.010)

0.809***

0.807***
(0.018)

0.807***
(0.018)

0.806***
(0.018)

0.000

0.000

0.000

0.000

(0.000)

(0.000)

(0.000)

(0.000)

0.075**
(0.027)

Firm penalty

Model 3

(0.009)
(0.018)
Industry average Tobin’s Q

Model 2

0.072**
(0.026)

0.078**
(0.026)

0.075**
(0.025)

-0.001

-0.001

0.000

0.000

(0.002)

(0.002)

(0.002)

(0.002)

0.002

0.003

0.002

0.002

(0.006)

(0.006)

(0.006)

(0.006)

0.053

0.048

0.055+

0.050

(0.032)

(0.033)

(0.032)

(0.033)

0.008

0.008

0.010

0.010

(0.006)

(0.006)

(0.007)

(0.007)

0.000

0.000

0.000

0.000

(0.000)

(0.000)

(0.000)

(0.000)

-0.05

-0.046

-0.048

-0.045

(0.031)

(0.030)

(0.030)

(0.030)

-0.002

-0.007+

-0.001

-0.005

(0.004)

(0.004)

(0.005)

(0.004)

-0.109

-0.141+

-0.128+

-0.151+

(0.084)

(0.083)

(0.077)

(0.077)

0.456**

0.408*

(0.158)

(0.158)

-0.443**

-0.390*

(0.161)

(0.164)
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Network industry diversity
Network industry diversity

2

Constant
Wald’s chi

2

p

0.368*

0.299*

(0.147)

(0.152)

-0.428**

-0.366*

-0.149

-0.159

0.150+

0.111

0.116

0.086

(0.079)

(0.082)

(0.085)

(0.088)

3347.55

3560.814

3908.378

4026.446

0.000

0.000

0.000

0.000

(n=2,660, 156 firms) +p<0.10; *p<0.05; **p<0.01; ***p<0.001

Table 2.3 shows the GEE model results for testing the hypothesized relationship between
changes in specific types of ties and performance improvements. Hypothesis 3 predicted that
losing ties to firms with restatement experience would have a positive impact on performance
improvements, and Hypothesis 4 predicted that creating ties to firms listed in stock market
indices would have a positive impact on performance. The results support only Hypothesis 3.
Losing ties to firms with restatement experiences showed significant positive effects in both
Model 2 and the full model (Model 4). This shows that losing ties to restatement experiences,
although being relatively rare occurrences, can have a positive impact on firm performance. On
the other hand, gaining ties to firms in stock market indices did not show any significant
relationship with performance improvements.
Table 2.3. GEE results for changes related to reputation and legitimacy
Variable
Firm size (t-1)
Tobin’s Q (t-1)

Model 1

Pre-fraud Tobin’s Q

Restating years

Model 4

-0.023*

-0.022*

-0.023**

-0.023**

(0.009)

(0.009)

(0.009)

0.808***

0.806***
(0.019)

0.808***
(0.018)

0.805***
(0.019)

0.000

0.000

0.000

0.000

(0.000)

(0.000)

(0.000)

(0.000)

0.080**
(0.028)

Firm penalty

Model 3

(0.009)
(0.018)
Industry average Tobin’s Q

Model 2

0.081**
(0.026)

0.080**
(0.028)

0.080**
(0.027)

-0.001

-0.001

-0.001

-0.001

(0.002)

(0.002)

(0.002)

(0.002)

0.003

0.003

0.003

0.003
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CEO replacement (t-1)
Strategic change (t-1)
Quick ratio (t-1)
Leverage ratio (t-1)
Board size (t-1)
Network density (t-1)
Past negative reputation ties
Negative reputation ties gained
Past positive reputation ties
Positive reputation ties lost

(0.006)

(0.006)

(0.006)

(0.006)

0.043

0.039

0.042

0.038

(0.033)

(0.033)

(0.033)

(0.032)

0.007

0.007

0.007

0.007

(0.006)

(0.006)

(0.006)

(0.006)

0.000

0.000

0.000

0.000

(0.000)

(0.000)

(0.000)

(0.000)

-0.051

-0.051

-0.051

-0.05

(0.032)

(0.031)

(0.032)

(0.031)

-0.002

-0.002

-0.002

-0.003

(0.004)

(0.004)

(0.004)

(0.004)

-0.106

-0.111

-0.105

-0.11

(0.082)

(0.082)

(0.082)

(0.081)

0.356***

0.247*

0.352***

(0.102)

(0.120)

(0.103)

(0.124)

-0.021

-0.04

-0.046

-0.077

(0.098)

(0.101)

(0.107)

(0.114)

-0.073

-0.086

-0.082

-0.099

(0.083)

(0.078)

(0.083)

(0.078)

0.019

-0.028

0.011

-0.041

(0.044)

(0.053)

(0.045)

(0.055)

0.264*

Negative reputation ties lost

0.273*

(0.123)
Positive reputation ties gained
Constant
Wald’s chi

2

p

0.237+

(0.124)
0.042

0.060

(0.049)

(0.051)

0.163*

0.181*

0.159*

0.176*

(0.080)

(0.084)

(0.081)

(0.085)

3546.325

3582.242

3582.945

3611.768

0.000

0.000

0.000

0.000

(n=2,660, 156 firms) +p<0.10; *p<0.05; **p<0.01; ***p<0.001

Table 2.4 shows the results for GEE models testing Hypotheses 5 and 6. I proposed in
Hypothesis 5 that creating ties to firms in a similar network position would have an inverted Ushaped relationship with performance improvements. The results in Model 2 provide support for
this hypothesis. However, the quadratic effect does not show in the full model (Model 4) when
the high-visibility ties gained variable is also included. Model 3 shows results for testing
Hypothesis 6, in which I argued that creating ties to publicly traded firms would initially have a
benefit, but its impact would diminish as the proportion grows. Model 3’s results support the
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hypothesis. The effect is also present in the full model, although somewhat weaker, when all of
the quadratic terms are included together. While the correlations and the collinearity diagnostics
do not indicate multicollinearity issues, the results from the full model suggest that there may be
an unseen factor or factors at work.
Table 2.4. GEE results for changes related to cost of new ties
Variable

Model 1

Model 2

Model 3

Model 4

Firm size (t-1)

-0.021*

-0.020*

-0.020*

-0.019*

(0.009)

(0.009)

(0.009)

(0.009)

Tobin’s Q (t-1)
Industry average Tobin’s Q
Pre-fraud Tobin’s Q
Firm penalty
Restating years
CEO replacement (t-1)
Strategic change (t-1)
Quick ratio (t-1)
Leverage ratio (t-1)
Board size (t-1)
Network density (t-1)

Past high-compatibility ties
High-compatibility ties lost

Past high-visibility ties
High-visibility ties lost

0.800***

0.798***

0.798***

0.797***

(0.019)

(0.019)

(0.019)

(0.019)

0.000

0.000

0.000

0.000

(0.000)

(0.000)

(0.000)

(0.000)

0.085***

0.084***

0.081***

0.081***

(0.025)

(0.024)

(0.024)

(0.024)

-0.002

-0.001

-0.002

-0.002

(0.002)

(0.002)

(0.002)

(0.002)

0.005

0.006

0.007

0.008

(0.006)

(0.006)

(0.006)

(0.006)

0.039

0.022

0.029

0.019

(0.030)

(0.031)

(0.030)

(0.031)

0.009

0.010

0.011

0.011

(0.007)

(0.007)

(0.007)

(0.007)

0.000

0.000

0.000

0.000

(0.000)

(0.000)

(0.000)

(0.000)

-0.048+

-0.042

-0.047+

-0.043

(0.027)

(0.027)

(0.027)

(0.027)

-0.004

-0.006

-0.006

-0.006

(0.004)

(0.004)

(0.004)

(0.004)

-0.099

-0.12

-0.116

-0.124+

(0.073)

(0.075)

(0.076)

(0.075)

0.02

0.031

0.033

0.036

(0.053)

(0.053)

(0.051)

(0.052)

0.097*

0.098*

0.083+

(0.045)

(0.044)

(0.045)

(0.044)

0.146*

0.155*

0.154*

0.166*

(0.070)

(0.069)

(0.068)

(0.067)

-0.070+

-0.095*

-0.088*

-0.096*

(0.039)

(0.044)

(0.042)

(0.045)

0.127**
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High-compatibility ties gained
High-compatibility ties gained

2

0.357*

0.276

(0.167)

(0.189)

-0.263+

-0.198

(0.159)

(0.172)
0.385**

High-visibility ties gained

(0.130)
High-visibility ties gained
Constant
Wald’s chi

2

p

2

0.245+
(0.138)

-0.405**

-0.298*

(0.126)

(0.127)

0.074

0.007

0.055

0.014

(0.078)

(0.082)

(0.076)

(0.080)

3818.026

4270.779

4034.794

4536.43

0.000

0.000

0.000

0.000

(n=2,660, 156 firms) +p<0.10; *p<0.05; **p<0.01; ***p<0.001

The interpretation of results from GEE models depend on what link function is used to
specify the models. In this case, the results can be interpreted in the same way that regular linear
regressions would be. For instance, the results from Model 2 in Table 3 indicate that a unit
increase in negative reputation ties lost would lead to an expected increase of .26 in performance
in the following period, controlling for all other factors. The coefficient for positive reputation
ties gained is in the same direction, but cannot be interpreted as it is not significant. The
curvilinear effects in Tables 2 and 4 are difficult interpret without visualization. Graphs created
using margins and marginsplot function in Stata after running the main analyses shows that the
positive impact of network composition novelty, network industry diversity, and high-visibility
ties gained (Models 2 and 3 in Table 2, Model 3 in Table 4) all reach their peak between the
proportions of 40% to 60% and start to decline afterwards. At each peak, each variable is
associated with an expected increase of .30 to .35 in firm performance in the following period
(see Figure 2.8 for graphs depicting curvilinear relationships).
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Overall, the results suggest that the certain network changes that fraudulent firms can
make have significant impact on firm performance improvements following fraud. The changes
shown to be significant in current results can be of especial value to fraudulent firms, as it is
possible to enhance performance through interfirm network management even when it might be
difficult to expand overall network size or shift the structural position of the firm. However, the
results also seem to indicate that fraudulent firms should be careful in trying to make changes to
their network—if some aspect of changes made incurs too much cost, it can bog down the
positive impact of the entire process. In the following section, I conduct multiple additional
analyses in an attempt to further explore the phenomena and potential alternative explanations.
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Additional analyses
In light of the aforementioned results, I carried out multiple additional analyses to further
investigate the relationship between interfirm network change and post-fraud performance
improvements. I first conducted a matched-pair sample analysis to shed additional light on the
effects of variables tested in the main analyses in a different circumstance. Then I carried out
additional tests to check the robustness of the main analysis results.
Matched-pair sample analysis. The main reason for conducting a matched-pair sample analysis
in this context is to show how network changes tested in the previous section influence
performance improvements in similar firms that are not affected by financial fraud. This can
enable me to see if the effects of network changes tested here are unique to the fraudulent cases.
Different results for the set of “clean” firms would indicate that the performance improvement
effects of network changes discussed above are indeed unique to the fraudulent cases included in
this study. The results of the analysis may provide additional insights into what network changes
are more beneficial in settings that are more general. Although matched-pair sampling has its
shortcomings, it is considered to be appropriate for cases such as this study when the
phenomenon in question has a very low base rate of occurrence (e.g., Arthaud-Day et al., 2006;
Gomulya & Boeker, 2014).
I created a matched-pair sample by selecting firms that did not have any restatements or
penalties for financial misdeeds during the observation period and were similar in size (total
asset), and industry type (four-digit SIC code). I utilized multiple sources of information to
ensure that matching firms did not have any restatements or financial wrongdoings reported
within a 20-quarter window prior to and post the matching period (time t). Resources utilized
included the Stanford Securities Class Action Clearinghouse, Accounting and Auditing
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Enforcement Releases (AAER) database, Bloomberg Law, and Google search. A potential match
was excluded if any financial misdeed was found, and the next closest firm in firm size and
industry type with a clean record was selected as the matching firm. 156 matched pairs of firms
were included in the final sample.
Table 2.5. Summarized matched-pair sample comparison
Matched-pair
comparison
0.363+

Variable
Network composition novelty
Network composition novelty2

-0.295

Network industry diversity

-0.014

Network industry diversity

2

-0.053

Negative reputation ties lost

0.281*

Positive reputation ties gained

0.004
0.062

High-compatibility ties gained
High-compatibility ties gained

0.001
0.351+

High-visibility ties gained
High-visibility ties gained

2

2

-0.363*

(n=5,757, 156 pairs) +p<0.10; *p<0.05; **p<0.01; ***p<0.001

All of the models in the matched-pair analyses were carried out in a manner identical to
the main analyses. Table 2.5 shows the summarized results for models testing the effects of
overall network changes and changes in specific type of ties across matched-pair samples. With
both fraudulent and clean sample data included in the analyses, I added a dummy variable
indicating the fraud or clean status of the cases to interact with the independent variables. A
significant coefficient for the interaction term between the indicator variable and the independent
variable indicates that the result is significantly different across fraud and clean cases. As can be
seen in Table 5, the interaction terms are significant for negative reputation ties lost and highvisibility tie ties gained. This indicates that, at least partially, the network changes made in
fraudulent firms have different effects when compared to network changes made in clean firms.
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It was surprising that the interaction terms for both the network composition novelty and
network industry diversity were not significant, given the strong results in the fraud sample. As
can be seen from summarized results in Table 6, neither of the variables produced significant
results when tested in the clean sample. Interaction terms not being significant for positive
reputation ties gained and high-compatibility ties gained was less surprising, given relatively
weaker results for those variables in the fraud sample.
Table 2.6 shows summarized results from the sample with only the clean cases, focusing
on the variables that displayed significant differences from the fraud sample. The results in Table
2.6 do not show any notable effects from the variables included. While it was expected that the
effects of independent variables would be different between the fraudulent sample and clean
sample, it was somewhat surprising to find no significant effect in any of the variables.
Table 2.6. Summarized GEE results for clean sample
Model 1

Variable

Model 3

0.026

Network composition novelty
Network composition novelty

Model 2

2

-0.080

Network industry diversity

0.165

Network industry diversity2

-0.172

Negative reputation ties lost

-0.119

Positive reputation ties gained

-0.013

High-compatibility ties gained

0.248

High-compatibility ties gained2

-0.240+

High-visibility ties gained

-0.174

High-visibility ties gained

2

0.143

(n=3,097, 156 firms) +p<0.10

As an attempt to further investigate potential network change factors that may influence
performance improvements in both the fraudulent and clean samples, I carried out a more
detailed test of overall network compositional changes. Existing literature suggests that changes
to overall network attributes such as network size would most likely have an impact on firm
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performance (e.g., Tsai & Ghoshal, 1998). I tested only the effects of proportion of novel ties
and network industry diversity in the main analysis, as I suspected these variables would have
the strongest impact. To break down the overall network compositional changes further and
observe the impact from multiple angles, I additionally tested for the effects of new tie creation,
network composition novelty (director level), and overall network size. New tie creation is the
running sum of new ties created, regardless of previous acquaintance. Network composition
novelty (director level) can be considered a different version of the network composition novelty
variable used in the main analysis. This variable measures network composition novelty at the
director level. In the main analysis, the basis for determining the novelty of a tie was whether the
connecting firm was new. However, at the director level, even if the firm had previous
experience of being connected with the focal firm the tie could be considered novel if the
director who connects the two firms was new. Network composition novelty (director level)
captures such director-level tie novelty. Overall network size is simply the number of interfirm
network ties a firm has at a given quarter.
Table 2.7. Summarized additional analysis results
Fraud

Variable

Model 1
0.013*

New tie creation
New tie creation2

Model 2
0.036*

Model 1
-0.006

-0.004
0.078*

network composition novelty (director level)
network composition novelty (director level)

2

0.107+

2

0.047

Model 2
0.013
-0.004

-0.029

-0.019
-0.014

Overall network size
Overall network size

Clean

-0.049
0.016

0.008

-0.008+

0.058
-0.007

Fraud: (n=2,660, 156 firms) +p<0.10; *p<0.05 / Clean: (n=3,097, 156 firms) +p<0.10; *p<0.05

Analyses including additional network change variables were carried out for both
fraudulent and clean firm samples. I also added another layer to the exploratory analysis by
testing for both linear and curvilinear effects. Table 2.7 shows a summarized comparison of
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results. The results show that the effect of network changes on performance improvements were
more pronounced for fraudulent cases. As expected, however, the novel tie proportion used in
the main analysis shows strongest results especially when considering curvilinear effects.
On the other hand, it was surprising to see that the added variables did not show a
significant linear relationship with performance improvement in the clean firm sample. Existing
evidence from prior work had indicated to me that at least changes in overall network size would
have a significant relationship with performance improvements. However, the lack of significant
effects in overall network size and new tie creation seems to suggest that longitudinal analysis of
non-fraud cases may show other factors that are more influential for firm performance.

Matched-pair sampling: Exploring the effect of network stability. One of the factors that has
not been considered in the analyses so far is the concept of network stability. Observing the
change in a network and its impact on performance over time makes it possible to consider the
network’s stability. Although existing literature provides ample evidence that larger network size
generally helps to enhance performance, it may be that organizations can also benefit from
having a stable network, especially when the environment is also stable and undisturbed. To test
this proposition I generated a variable (network stability) that measured the absolute amount of
change in network tie counts post-fraud compared to t-1. This provides a relatively simple way to
measure a firm’s network stability over time in terms of its size. The variable was square-root
transformed to correct for the skewness. Table 2.8 shows a summarized comparison between
results for fraudulent and clean firm samples. A contrast is immediately visible between the two
samples: The fraudulent firm sample shows a significant concave curvilinear relationship
between network size stability and performance improvements, whereas the clean firm sample
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shows a significant, albeit marginal, negative relationship. The results are by no means definitive
at this stage. However, this does lend support to the proposition that network stability can be an
important factor for firms when observing longitudinal performance changes.
Table 2.8. Summarized GEE result comparison for network stability
Variable
Network stability

Fraud

Clean

Model 1

Model 2

Model 1

Model 2

0.014

0.086**
-0.016**

-0.014+

-0.009
-0.001

Network stability2

Fraud: (n=2,660, 156 firms) +p<0.10; *p<0.05; **p<0.01 / Clean: (n=3,097, 156 firms) +p<0.10; *p<0.05

Additional robustness checks In addition to the exploratory analyses reported in the previous
section, I carried out additional supplementary analyses to check the robustness of main results.
First, I tested the hypotheses and other additional models employing different performance
indicators for the dependent variable. Total shareholder return (TSR) was considered as an
alternative performance indicator. TSR provides another widely used measure for gauging a
firm’s market-based performance (e.g., Jensen & Murphy, 1990). The results using
improvements in TSR as the dependent variable did not show a meaningful difference from the
main results. The results from the model using TSR as the dependent variable were considerably
weaker in their significance and effect sizes, however. This may be due to the higher volatility
that can be observed in the TSR values of the sample firms. The TSR values of firms included in
the sample showed a high degree of fluctuation within firms during the observation period,
which may have made it difficult to see clear relationships between the dependent and
independent variables.
Second, I used a different time frame for the observation window. The original period
used to observe firm performance was a 20-quarter (five-year) period. Since limiting the
observation window to a shorter period would allow me to see how performance improvements
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are influenced by network changes closer to the fraud event, I added two additional settings
where I observed performance changes over eight quarters (two years) and 12 quarters (three
years). The results from models employing a shorter observation window remained largely
unchanged from the main analysis using a 20-quarter window.

Discussion and Future Directions
The main purpose of this paper was to identify potentially beneficial types of specific
network changes a firm can make to its interfirm network after financial fraud and explore their
effects on subsequent performance improvements. Existing literature has clearly suggested that
interfirm network connections can provide significant benefits but has been relatively limited in
explaining how it can change and develop after certain impactful events, and how such changes
can affect firm outcomes. Financial fraud provides a setting where network changes and their
effects will be more pronounced: Interfirm networks of fraudulent firms are likely to be damaged
after the disclosure of financial fraud, but firms are in dire need of the additional resources,
opportunities, and status benefits that can be gained through interfirm network. This makes it
important for fraudulent firms to understand how certain types of network changes could affect
their subsequent performance.
The first aim of this paper was to contribute to the literature on financial fraud and
organizational reintegration. Although the importance of quick and effective recovery after
financial fraud has been recognized, there is more to be understood on what specific factors
contribute to facilitating a firm’s recovery from damage inflicted by the fraud. By linking
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specific changes in interfirm networks with performance improvements after fraud, I provide an
additional basis for a better understanding of recovery from financial fraud.
This paper also contributes to the literature on social networks. Traditionally, research on
how interfirm networks change and develop over time has been relatively underdeveloped.
Understanding what kind of network changes are likely to be influential and beneficial for the
firm following fraud not only advances our understanding of social network change in difficult
situations, but also can provide insights for the network change and how it affects firm outcomes
in more general situations. Researchers have only recently begun to investigate how networks
change and develop and how different factors in interfirm networks function in a longitudinal
setting. This study can help expand the basis through which such studies can further develop.
The findings presented in this study indicate that certain types of network compositional
changes and new interfirm network ties can be beneficial for improving firm performance after
fraud. The findings also indicate that balanced change is important for better chances of
performance improvement. When looking at a network overall, both the proportion of novel ties
and diversity of industry within a network showed inverted U-shaped relationship with
performance improvements, indicating that moderate levels are favorable in extreme cases. On
the other hand, a more detailed breakdown of new ties created (or severed) shows the certain
specific types of network tie changes do seem to have a favorable influence on performance
improvement, but the results also indicate that there can be other contingencies that have not yet
been considered. The proportion of ties lost to other firms with tainted reputations and ties
gained to stock market index firms seems to have some positive effect, but the effect was not
present in the full model. The case was similar for creating ties to firms with similar network
positions and to publicly traded firms. I argue that the proportion of these types of new ties
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would be beneficial, as they can provide clear benefits, but as they become too high they may
become detrimental due to the higher costs associated with such network ties. Both types of tie
changes displayed a concave curvilinear effect, but the effects were not present in the full model.
Overall, the results support the underlying premise of certain network changes being more
beneficial for firm outcomes but call for delving deeper into the factors involved.
Supplemental analysis, especially the matched-pair sample analysis, provided additional
insights on the matter. Matched-pair analysis first showed that some of the effects of network
changes were distinctly different in fraudulent and clean firms, indicating that the benefits of
network changes will depend on the context of the firm. However, it was surprising to find no
significant effect for independent variables in the clean sample. Further analyses showed that
stability of the network could be an important factor in non-fraud situations, more so than
creating new ties and expanding the network. This result, although it is premature to make
definitive arguments from the results shown here, is interesting because it suggests factors
previously not considered can prove to be more influential when observing longitudinal changes.
For instance, the effect of network attributes considered important for enhancing performance in
the existing literature (e.g., network size, closure) may be contingent on how stable those
attributes are over time. More careful comparison of the effect of network factors across
fraudulent and clean samples would be beneficial in uncovering additional relationships.
One of the limitations in this study is that I do not account for how much reputation or
status a firm has at the time of fraud disclosure. Exiting research suggests that the amount of
reputation or status a firm has at the time of the incident would likely have an impact on how
much damage the firm sustains (e.g., Graffin, Bundy, Porac, Wade, & Quinn, 2013; Marr &
Thau, 2014). It could be that the higher the firm was, the more damage they would sustain, as
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they would have more to lose. On the other hand, a higher reputation or status built up prior to
fraud may act as a buffer that protects the firm from damage and helps the firm recuperate better
afterwards. In future extension of this study, it would be wise to directly measure the reputation
or status of sample firms and include it in the analysis.24
Directly measuring reputation or status of the firms can also be beneficial by laying the
mechanism for post-fraud repair more in the open. I have theorized that one of the key factors in
interfirm network change following fraud is abrupt changes in reputation and legitimacy.
Including a measure of reputation or status that is separate from interfirm networks can provide
additional insight into how network changes operate to improve firm outcomes.
Another interesting point to consider is the details of the fraud cases themselves. I
included two control variables to account for the seriousness of the offense: the monetary penalty
the firm received and the number or years restated. While these variables do cover how extensive
the fraud was in terms of misplaced funds, there can be more details about fraud cases that can
potentially be influential to post-fraud outcomes. For instance, it may be important to consider
what kind of impact the fraud actually had on external stakeholders, apart from immediate
monetary damages. In the introduction of this dissertation, I mentioned that financial fraud is
considered a dangerous offense due to its far-reaching consequences. It is possible that the
impact of fraud does not stop at the transgressing firm, but spreads onto the local community or
other stakeholders that are not immediately influenced by stock price drop but are nevertheless
linked to the fraudulent firm. Considering the society-wide impact of a fraud incident can be
helpful in understanding the reactions of external stakeholders and subsequent outcomes.

24

The most prominent method for measuring the reputation of a firm is analyzing media accounts of the firm (Vergne, 2011).
Research on social networks has considered network centrality as an indicator of status and power (e.g., Freeman, 1979). In this
paper, however, using network centrality as status indicator is problematic due to collinearity issues.

99

Similar to the first study in this dissertation, this study is limited in terms of its sample by
focusing solely on financial statement fraud identified in AAER and Audit Analytics. I
purposefully chose a narrow operationalization of financial fraud to limit the variability of
misconduct committed by the firms in the sample. Broadening the sample to include different
types of misconduct can be informative, as it will introduce different contingencies into the
picture and allow examination of how certain actions influence outcomes differently under such
contexts. This study is also limited by its exclusive focus on publicly traded firms. It is difficult
to include private firms in studies using archival data sources since data such as financial and
governance information on private firms are not readily available. However, it is encouraging
that basic interfirm network information is provided in BoardEx for a sizable number of private
firms. Finding a way to include network tie-creation strategies and performance changes of
private firms into the analysis would no doubt make the study richer.
In spite of the limitations inherent in this study, I believe it provides an important step for
furthering our understanding of social network management and change. We as researchers have
been interested in the pros and cons of social networks for quite some time. However, research
on how firms change and develop social networks is relatively underdeveloped. By taking the
limitations and potential future research ideas from this paper and developing them, I hope to
shed more light on the how firms interact in the dynamics of social networks and how this will
influence organizational outcome.
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Conclusion
This dissertation, in essence, ultimately began from the intersection of two overarching
questions: “how does a firm recover from the damages of financial fraud?” and “how does a
firm’s interfirm social network change and develop?” Through attempting to answer these
questions, I seek to extend the current research on financial fraud as well as social network
theory. Despite the wealth of research covering the topic of financial fraud and social network,
we are still limited in our understanding of what happens after the fraud is disclosed to the public
and how social networks change and develop over time.
Research on financial fraud had been diligent in articulating the antecedents and the
immediate consequences of fraud (e.g., Arthaud-Day et al., 2006; Karpoff et al., 2008; O’Connor
et al., 2006; Zahra et al., 2005), but the efforts have been limited in investigating what takes
place after the damage is done. I believe this is a missed opportunity as there is much to be
learned from understanding how firms recover after suffering from organizational failures such
as financial fraud. Research on social network is similar in this regard. Although prior works
have indicated that financial fraud will likely cause considerable damage to the interfirm
networks (Cowen & Marcel, 2011; Fich & Shivdasani, 2007; Kang, 2008), little attention has
been paid to what firms can do to facilitate the recovery of damaged caused. This is related to the
underdeveloped topic of studying social network change and development over time. While
existing literature provides ample evidence on the effects of various network properties of firms
at certain point in time (e.g., Adler & Kwon, 2002; Burt, 1992; Kilduff & Brass, 2010; Tsai &
Ghoshal, 1998), research on how networks can change and develop to reach a certain state has
been relatively scarce. I strongly believe that better understanding of the changes of social
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network over time and the factors causing the changes will greatly enhance our overall
knowledge about the effect of social networks on firm outcomes.
For the purposes of this dissertation I directed my attention on the changes to the director
interlock networks of firms following instances of financial fraud. In the first study I focused on
understanding how firms can expedite the overall repairing process of the damaged network. By
identifying the factors affecting the changes in director interlock networks after financial fraud I
hoped to shed more light on what can facilitate network growth in difficult situations. In the
second study I shifted my focus to specific changes that can take place in interfirm networks and
how such changes would influence subsequent performance. In this study I was more interested
deciphering the relationship between firm performance and detailed types of changes that can
occur to interfirm networks under stressful situation.
The results presented in each of the studies provided partial support for the proposed
hypotheses. It was surprising to find that the remedial actions in the first study—CEO
replacement and strategic change—did not show hypothesized effects. The results suggest that it
would be beneficial to delve deeper into the details of each remedial actions. The results from
additional analyses further suggest that the relationship between network repair and network
structure can also benefit from more detailed inspection. The results for the second study also
provided partial support for the hypothesized relationships, with overall network compositional
change variables receiving strongest support. Additional analyses, especially matched pair
sample analysis and its extensions, provided interesting implications for future research on
network stability and network density.
I have already laid out several limitations and future research directions which addresses
aforementioned issues and are more specific to each of the studies in the corresponding sections.
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In here, I would like to point out a few additional future research directions which are beyond the
scope of current study, but can potentially be applied to both of the studies for future extension.
First, I focused only on the interfirm networks established through director interlocks. However,
interfirm network connections can be extended to include alliance networks. Strategic alliances
are considered to be another key form of interfirm connections through which firms can connect
and interact with each other (e.g., Gulati, 1998; Shipilov, 2006). It would be fascinating to
investigate how alliances network between firms change following violations such as financial
fraud and how firms amend damages incurred to the network, and compare it to how director
interlock networks change and develop. Taking alliance networks into account with director
interlock networks would yield a more comprehensive understanding of how interfirm networks
develop, change, and operate over time.
Second, additional factors on the director level can be considered. In the current context I
did not take the attributes of individual directors into account other than the network ties the
director brought in. While the effects of interfirm connections are observed at the firm level,
attributes of the individual constituting the network connections can be influential on the
outcomes. For instance, the overall quality of the directors which includes both their human and
social capital can be influential in firm outcomes (Haynes & Hillman, 2010). The amount time
and effort a director has available for the focal firm can also influence the effectiveness of the
interfirm ties (Cashman, Gillan, & Jun, 2012; Fich & Shivdasani, 2006). It may also be possible
to consider network characteristics of the individual and study how it interacts with the firmlevel network characteristics. It would be interesting to track changes in the individual level as
well as the firm level and investigate how they co-evolve. Taking a more multilevel approach by
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including director level factors into the mix would make the models more complicated, but
would yield richer understanding of the phenomena.
Lastly, another interesting direction for future research would be expanding the study to
non-crisis situations to improve our general understanding of network change and development
across more diverse situations. Conducting matched-pair sample analysis in both of the studies in
this dissertation was an attempt to take a step in such a direction. Implications that can be gained
from the matched-pair analyses were limited at current stage, but additional findings such as the
influence of network stability on firm performance improvements provide useful insights to
extend the study further. In a related vein, extending the analysis of the network beyond a firm’s
ego-network is another path that should eventually be taken. While the analyzing ego-network of
a firm provides a decent amount of information, expanding the scope of the network to be
considered will enable me to understand the mechanics of a firm’s network within a larger
network. When changes within the larger network is observed over time it may be possible to
tease out a more complex interactions between the network constituents.
This dissertation develops a theory about interfirm social network changes after financial
fraud and how it may influence firm level outcomes during the aftermath. The analyses and
results presented in the studies provide partial support for the proposed hypotheses, and suggest
multiple avenues for developing the studies further. I contribute to the existing literature on
financial fraud and social network theory by investigating the recovery process of interfirm
networks following fraud and its performance implications. More broadly, I believe this
dissertation provides a basis for building a more general understanding of recovery after
organizational failures and changes in social network over time.
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