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Revisiting the Role of Corporate Venture Capital

Abstract

There has been ongoing explosive growth in global corporate venture capital

(CVC) investments. Record growth was witnessed in 2021 after a 133% year-over-year

increase in total global CVC investment amounts (CBInsights, 2021). This disserta-

tion investigates the role of CVC, especially from a strategic perspective, in the digital

era. In the first study, by focusing on the regulation of data privacy, I investigate how

firms utilize CVC as a tool to navigate changing policy environments. I propose a the-

oretical framework for the strategic value of data and find that more CVC investments

are made between competing firms when data become costly to obtain. The second

study focuses on examining the market’s disciplining mechanism on all VC investors.

I show that, by exiting at the right time, investors can prevent reputation loss after in-

vesting in fraudulent firms. In the third study, I examine whether investments made

by CVC parent companies affect competition. I find that a “Kill Zone” effect exists

in CVC, in which, when the CVC arm of a large technology company invests in an-

other company for the first time, both new entries and investment deals slow down

throughout the industry. Overall, this dissertation contributes to the literature on

CVC, regulation of data privacy, and innovation. By examining and rethinking the

strategic role of CVC, this dissertation seeks to help practitioners—including man-

agers, policymakers, and entrepreneurs—exploit, regulate, and respond to the rising

power of non-independent institutional investors.
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1
Introduction

This dissertation investigates the role of corporate venture capital (CVC), especially

from a strategic perspective, in the digital era. CVC refers to the model of incumbents

taking a minority equity stake in privately-held entrepreneurial ventures (Gompers

et al., 1998). There has been ongoing explosive growth in the global prevalence of

CVC investments. Record growth was witnessed in 2021 after a 133% year-over-year

increase in total global CVC investment amounts (CBInsights, 2021). The number of

CVC exits also surged 95% year-over-year in 2021 (CBInsights, 2021). While it has

experienced record-setting growth—especially as compared to other investment

entities—CVC is by no means a niche investor: the fraction of venture capital (VC)

deals in the United States with CVC involvement grew from 30% in 2008 to 53.9% by

the end of 2019 (NVCA, 2020).
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The objectives of CVC firms are two-fold, and can be viewed as both strategic and

financial (Aggarwal and Wu, 2019; Chesbrough, 2002). In regards to strategy, CVC

investors usually search for complementary assets between themselves and investees

(Colombo et al., 2006). Both investor and investee firms benefit from CVC funding

when they have complementary assets (Gompers et al., 1998; Park and Steensma,

2012). Here, companies can leverage complementary assets, such as distribution

channels, to augment their products or services. Prior literature has shown that com-

panies, especially those with weak intellectual property assets and adequate ab-

sorptive capacity, use CVC to access new technology (Dushnitsky and Lenox, 2006).

Furthermore, extensive studies have shown that companies leverage CVC to iden-

tify early-stage research projects, and that CVC can function as a harbinger of future

technologies (Basu et al., 2011; Benson and Ziedonis, 2009; Dushnitsky and Lenox,

2005a,b; Gompers et al., 1998; Keil et al., 2008; Wadhwa and Kotha, 2006). While CVC

could be used to introduce pre-existing technology in the form of licensing agree-

ments, research and development contracts, and corporate acquisitions, CVC can also

serve as a bridge to the deployment of up-and-coming technologies (Ceccagnoli et al.,

2018).

As CVC increases in prevalence, there emerges an urgent need to understand the

role of CVC beyond the conventional, well-studied scope of acquiring complementary

assets such as technologies. Now, more than half of all VC investment deals involve

at least one CVC investor, suggesting that the influence of CVC parent companies on

private equity and new venture financing is at an all-time high. Now more than ever,

more stakes in the global startup financing market are owned by non-independent

CVC investors. How will this affect the overall market for innovation as compared to

when most investors were independent? How will CVC parent companies utilize this

2



booming investment vehicle as a tool for their own benefit? How will the extensive

participation of CVCs impact competition and innovation? The present dissertation

answers these three important questions in a modern context.

1.1 Research Agenda

How do firms use CVC as a tool to navigate a dynamic external environment? Using

data as an important digital asset for companies, I study the answer to this question

by focusing on the regulation of data privacy as a key variable. Previous work has

shown that data help firms make better decisions and achieve higher performance

(Brynjolfsson et al., 2011a; Wamba et al., 2017). The data generated when users inter-

act with a platform can reveal their preferences for different products, thereby help-

ing firms increase future returns (Feijóo et al., 2014), identify competitive advantages,

better target customers, and provide relevant product recommendations. These fac-

tors serve to increase the quality of the platform’s product or service. Nevertheless,

when privacy regulations target the collection and exploitation of user data, how

firms may leverage CVC as a tool to mitigate the effect of these regulations on their

competitiveness is unclear.

The use of data as an asset demands a framework that goes beyond the comple-

mentary asset framework present in prior literature. This is because data assets highly

depend on how and where the data are collected and utilized. As a result, we cannot

tease out the effects of the data itself from the firms’ capabilities, which include their

abilities to collect and analyze data. Therefore, in Chapter 2, I begin by proposing a

new framework that links the properties of data to the properties and capabilities of

firms.
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In the proposed framework, I hypothesize that, in order to leverage data as a com-

plementary asset, firms will not invest in their complementarities. Instead, firms will

invest more in their competitors, as both the investor and the investee will offer simi-

lar products or services to similar target customers in order to maximize the relevance

of the data. I argue that, in response to privacy regulation and increasing costs of ac-

quiring data, firms use CVC to invest in their competitors in order to increase their

own scales and capabilities. Chapter 2 provides evidence that firms indeed use CVC

as a tool to invest in competing firms after the introduction of personal data regula-

tions. In doing so, such firms search for synergy using their users’ data and compen-

sate for their reduced ability to collect and exploit these data.

While CVC activities are at an all-time high, the finding that firms are incentivized

to invest in competing firms can have important implications. When CVC firms invest

in competitors with non-controlling stakes, private-stage lead investors usually have

veto rights, meaning that CVC investors can control what competing investee firms do

not do. In Chapters 3 and 4, I explore two questions arising from this situation. First,

can we rely on the market to discipline CVC firms? Second, does the influence of CVC

parent companies affect competition?

To study the market’s disciplinary effect on CVC investors, I focus on fraudulent

investments and VC reputation. In order to elucidate how the market might dis-

cipline CVC investors, knowledge of how the market disciplines VC firms, in gen-

eral, is needed, which is why I extend my analyses to all VC firms in this study. VC

firms rely heavily on reputation in order to raise investment funds and gain access to

promising startups (Gomulya et al., 2019; Lee et al., 2011; Pollock et al., 2015). In an

efficient market disciplining mechanism, both positive and negative reinforcement

between investments and VC reputation should be in place. Aspects of positive rein-
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forcement have been extensively studied in the literature. For example, due to each

portfolio firm’s access to a VC’s capital, expertise, network, and other resources (Gor-

man and Sahlman, 1989; Jain and Kini, 2000; Pollock and Gulati, 2007), higher VC

reputation has been shown to be associated with the portfolio firm’s likelihood of fu-

ture success, as measured by post-IPO performance metrics and the frequency with

which other portfolio firms subsequently go public (Krishnan et al., 2011).

Aspects of negative reinforcement have also been studied, wherein a VC firm’s

failure to monitor and discourage portfolio companies from engaging in financial

fraud has been shown to harm the VC firm’s reputation (Gomulya et al., 2019; Tian

et al., 2016). However, focusing solely on whether VC firms endorse a given ven-

ture overlooks that VC firms exit the venture following their endorsement—although

this could happen on a longer time horizon as VC firms sell their stakes (Bascha and

Walz, 2001; Cumming et al., 2006; Cumming and MacIntosh, 2003; Giot and Schwien-

bacher, 2007). In Chapter 3, by investigating the relationship between the timing of

an exit and a VC firm’s reputation after investing in fraudulent firms, I provide evi-

dence that the foregoing market disciplining mechanisms might not apply in general.

In Chapter 4, I return to the question of if, and how, the influence of CVC parent

companies affects competition. I answer this question by extending the concept of

the “Kill Zone” (Kamepalli et al., 2020) from acquisitions to CVC. The Kill Zone is

a phenomenon in which digital platforms gain market power, distort competition,

and slow down innovation by acquiring an important new entrant. While a prior

study has used acquisitions by Facebook or Google larger than 500 M USD in value

to define market-entry events by incumbents to demonstrate the Kill Zone effect

(Kamepalli et al., 2020), I provide evidence of the Kill Zone effect in CVC using lower

thresholds to define market-entry events. Here, when the CVC arm of a large tech-
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nology company invests in another company for the first time, both new entries and

investment deals slow down throughout the industry.

1.2 Dissertation Outline

The remainder of this dissertation consists of three Chapters, each containing an in-

dependent study as mentioned above. Chapter 2 studies how firms use CVC as a re-

sponse to data privacy regulations. Chapter 3 studies how the market disciplining

mechanism might not apply to VC firms when they make fraudulent portfolio in-

vestments. Chapter 4 studies how CVC, when a parent company of interest is large

enough, can adversely influence entry and funding in the market.

In Chapter 2, I propose a theoretical framework that posits that personal data—

a resource characterized by volume, velocity, and variety—can give firms distinct

competitive advantages by extending their scales, capabilities, and scopes. By ex-

ploiting a policy that restricts personal data transactions, I support my framework

using empirical evidence from CVC investments. I find that, as data becomes more

costly to obtain, more CVC investments are made between competing firms in search

of more volume, variety, and velocity. These features are anticipated to augment the

data of the investor firm, allowing the investor to achieve greater scales, capabilities,

and scopes of their business. This study contributes to the literature by examining

the role of data in the competitive relationships between firms, as well as by examin-

ing CVC decisions based on complementarity that is enhanced by data. My finding

of increased investment activity between competitors offers a novel perspective to

the previous CVC literature (Chesbrough, 2002; Dushnitsky and Lenox, 2006). This

study contributes to practitioners by shedding light on how to think about competi-
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tive landscapes in the age of big data. It also contributes to policymakers by provid-

ing evidence of the impact of data privacy policies on inter-firm relationships.

In Chapter 3, I study how VC firms can game their external environments to better

manage their reputations after investing in fraudulent firms. I exploit data on gov-

ernment announcements of fraud investigations that target public companies. In do-

ing so, I find that, after investing in a fraudulent firm, a VC firm’s exit timing affects

the VC’s reputation loss. If the VC firm exited before the fraud investigation was an-

nounced, the VC firm will exhibit a reputation boost compared to the case that the

firm exited after the fraud investigation was announced. This suggests that the VC

firm signals either superior judgment or resourcefulness in anticipating government

regulatory actions.

In Chapter 4, I study the influence of CVC parent companies on competition. By

studying 334 investments made by two leading digital platforms in China, I find that

these investments strongly and adversely affect new entry trends and funding in the

industries of investee firms.
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2
Data, Privacy Regulations, and

Strategic Implications on Firm

Competitive Advantages

2.1 Introduction

Recent work has pointed out that data are, and will be, a growing source of competi-

tive advantage both by enhancing strategic activity and positioning as well as by op-

timizing operational efficiency (Baden-Fuller et al., 2020; Brynjolfsson et al., 2011a;

Clough and Wu, 2020; Hagiu and Wright, 2020; Lambrecht and Tucker, 2015). More

and more firms intensively use data to guide, or outright make, strategic decisions

8



(Brynjolfsson and McElheran, 2016). For example, the use of data-driven decision

making in U.S. manufacturing nearly tripled—from 11 percent to 30 percent of all

plants—in the five years after 2005 (Brynjolfsson and McElheran, 2016), and this frac-

tion has been growing ever since. Despite the increasing importance of data for strat-

egy, we still lack an understanding of what any firm’s strategy towards data is and

what it should be. Given that firms need data for competitive advantage, how might

firms organize themselves to take advantage of data?

Firms need to organize themselves around obtaining and exploiting the most valu-

able types of data. Today, one of the most valuable types of data is individual-level

personal data, which make up the majority of what is commonly thought of as “big

data.” Personal data generated from user activity—both between users and between

users and services—can improve firm performance through a number of channels

(Baden-Fuller et al., 2020; Feijóo et al., 2014) by, for instance, improving positioning

among competitors, capturing value with pricing and product recommendations,

and creating value by finding ways to improve the quality of the offering (Gandomi

and Haider, 2015; Kim and Street, 2004). A clear and growing body of information

systems and computer science research has demonstrated the advantages of having

access to personal data. It is therefore important to understand how firms derive their

advantages from personal data.

We propose a new framework that links the fundamentals of personal data from

an information technology perspective to firm-level strategic action. We argue that

the strategic value of personal data to a firm depends on three factors: (1) the scale or

quantity of the data the firm has access to at any given moment (Hurwitz et al., 2013;

Russom, 2011), (2) the firm’s capability to collect or generate new data (Davenport

et al., 2012; Erevelles et al., 2016; Lycett, 2013), (3) and the scope or variety of sources

9



and formats of data the firm can access (Baars and Kemper, 2008). Our framework

builds on existing assumptions in the information systems and computer science lit-

erature regarding how personal data are used, and we apply these concepts to study

how data can be strategically leveraged to gain competitive advantages.

We propose that this framework has implications for how firms organize them-

selves to build scale, capacity, and scope for data-driven competitive advantages. In

particular, we posit that firms will make inter-firm investment decisions in order to

achieve these ends. Namely, we propose that companies will invest more in their

competitors—as opposed to other firms—because their overlapping businesses en-

sure that their data are similar. In doing so, investor firms can increase their data

volumes to achieve larger scales. Furthermore, we hypothesize that firms that rely

on real-time data will see a stronger effect of data privacy regulations on increases in

their corporate venture capital (CVC) investments. We anticipate this effect to occur

because firms will aim to achieve greater velocity in their data in order to increase

their capabilities. Lastly, due to their need for variety in data, we posit that firm pairs

for which common ownership is absent will also see a larger effect of data privacy

regulations on CVC investments.

Our empirical analysis takes advantage of China’s nascent data regulation environ-

ment and its Cybersecurity Law, which was passed in November 2016 and promptly

increased the cost of collecting data. We examined firms’ CVC investment patterns

before and after this policy change. Before the Cybersecurity Law, entities could buy

personal data at a typical cost of 0.45 to 60.24 USD∗ per user depending on the type

and quality of data. After the Cybersecurity Law came into effect, data on customer
∗A typical range is 3 to 400 RMB, and the average RMB to USD exchange rate in 2016 was

0.1506.
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transactions could no longer be purchased. As a result, the costs of procuring user

data increased for firms, making tasks such as documenting consumer purchasing

behaviors, targeting promotions, or recommending more relevant products more ex-

pensive. Exploiting this policy change as a shock, we implemented a difference-in-

differences model to study how CVC investment behavior changed. We found that,

as data became more costly to obtain, more CVC investments were made in search of

more volume, variety, and velocity in data. These investments were made by investor

firms to achieve greater scales, capabilities, and scopes of their businesses.

Our work contributes to the literature in several important ways. First, our work

illustrates the role of data in shaping firms’ competitive relationships and CVC deci-

sions based on complementarity. Second, our finding of increased investment activity

between competitors offers a novel perspective to the previous CVC literature (Ches-

brough, 2002; Dushnitsky and Lenox, 2006). For practitioners, our study offers a new

way of thinking about competitive landscapes in the age of big data, and it provides

evidence of how the value of big data could influence CVC investment outcomes. For

policymakers, our study contrasts with work that only focuses on the single-firm im-

pact of privacy regulations: here, we provide insight on intra-firm dynamics and how

intra-firm relationships change due to the Cybersecurity Law, offering a holistic view

of the effects of data privacy regulations.

2.2 Theoretical Background

2.2.1 Role of Big Data and Personal Data in Business

Data are crucial for achieving competitive advantage (Baden-Fuller et al., 2020; Bryn-

jolfsson et al., 2011a; Hagiu and Wright, 2020; Lambrecht and Tucker, 2015). Data can
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improve business performance by supporting both operations and strategy, which

is why there has been a surging need for data. Companies use data to directly target

customers, leveraging modern algorithms that analyze consumer behaviors (Baden-

Fuller et al., 2020; Gandomi and Haider, 2015; Kim and Street, 2004) and optimize

pricing and inventory models. Data can also be used to find new customers, monitor

market changes, and support strategic decisions (Brynjolfsson et al., 2011a; Wamba

et al., 2017). When firms have access to data, they have access to operational improve-

ments and information that can be easily extracted from the data, both about the busi-

ness itself and its customer base. Consequently, for companies that seek complemen-

tary assets when making CVC investment decisions (Colombo et al., 2006), certain

types of data have become increasingly valuable.

Big data are different from other general types of data. Importantly, big data are

characterized by their unprecedented volume, velocity, and variety of primary data

available from individual consumer, known as the “3Vs” infrastructure of big data

(Erevelles et al., 2016). In particular, the actual effectiveness of data on firm perfor-

mance depends on the value of the data, which is often measured along the three

dimensions of (1) size, or volume (Russom, 2011), (2) the rapidity of data creation, or

velocity (Davenport et al., 2012; Erevelles et al., 2016; Lycett, 2013), and (3) the various

sources and formats of data, or variety (Baars and Kemper, 2008).

When making big data investment decisions, it is important to understand what

factors managers should consider to gain competitive advantages. However, the

established “3Vs” framework of big data cannot be directly applied when making

managerial decisions, as big data by itself is unlikely to be valuable (Lambrecht and

Tucker, 2015). For big data to have value, managerial comprehension and insight

are required to help marketers realize new gaps or areas of ignorance in their un-
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derstanding of consumer behaviors (Firestein, 2012). This means that strategic and

managerial procedures play an important role in big data-driven decision making, as

compared to regular data-driven decision making. Thus, firms need to understand

the various mechanisms used to create value with big data, such as through incre-

mental innovation and radical innovation (Erevelles et al., 2016; Sorescu et al., 2003;

Story et al., 2011; Tellis et al., 2009). Furthermore, the presence of big data and analyt-

ics shapes corporate strategy in important ways, enabling corporate executives to act

on heterogenous, structured, and unstructured information and adopt a bottom-up,

ad hoc approach to strategy (Anderson, 2008; Lee et al., 2014). This differs from the

traditional process, which relies on previous cognitive and behavioral habits, such as

a linear conception of time (Bhimani and Willcocks, 2014; Constantiou and Kallinikos,

2015), which is defined by its top-down and prescriptive approach to strategy (Con-

stantiou and Kallinikos, 2015).

An important type of big data in business use is personal data, or personally iden-

tifiable data, which contrasts with non-personal data. Personal data refers to any data

containing personally identifying information that is associated with an individual

(see Art. 4, Definitions 1 in (GDPR, 2018)). For e-commerce, personal information

comprises basic demographic and transactional data. Demographic data include a

customer’s name, contact information, physical address, height, gender, occupation,

personal assets, and marital status. Transactional data include order history, devices

used to access a platform, physical location, product preferences, and other relevant

personal summary statistics.

Personal data is highly valuable to businesses, and its characteristics differ from

those of non-personal data. Firms use personal data in three ways. First, firms lever-

age personal data to better target advertisements and products so that they can pro-
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mote specific products to specific customers based on their preferences. Second, firms

can operate as third-party data providers and allow other firms to query customers’

preferences, spending habits, and other personal details. Third, firms may sell the

data directly to other firms.

2.2.2 A Framework for Competitive Advantages from Personal Data

In this paper, we adapt the traditional 3Vs big data framework to the use of personal

data and explore the strategic role that personal data plays. We propose the following

theoretical framework to highlight the competitive advantages that managers can

achieve by using personal data.

Volume of personal data. The volume of big data represents the size of, or amount

of information contained in, the big data (Hurwitz et al., 2013; Russom, 2011). Adapt-

ing this dimension of the framework to the unique features of personal data, we pro-

pose that the volume of personal data can allow firms to enhance “firm-individual”

learning, which is a competitive advantage above and beyond the “firm-market”

learning that non-personal data enables.

Because personal data can identify and track individual customers in the real world,

the firm-individual learning based on personal data can give a firm access to a more

complete profile of individual user preferences and sustain advantages in predicting

individual customer behavior. We illustrate this with an example of e-commerce plat-

forms selling baby products: by obtaining user data from another platform that spe-

cializes in baby products, firms can have a better understanding of a typical mother’s

purchase behavior on another platform. This information includes details about what

is generally important for users, as well as their demand for different types of goods.
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These insights are helpful for deciding how the original platform should introduce

new products and target new customers. Because both firms are targeting the same

group of users with similar products, information learned from another firm can be

used for the focal firm’s individual customer profiling. The more a firm learns about

an individual instead of a market, the more accurately the firm can appreciate dif-

ferences in the individual’s preferences compared to those of other individuals and

make customized recommendations.

Using non-personal data, the baby gift preferences revealed by a consumer group

could represent the preference of all users for baby gifts with the same demographic

on the focal firm’s platform. However, the requirement for clustering is high. On a

market level, with non-personal data from another platform, the focal company may

have a clear vision of what other baby products should be added to its current of-

ferings. However, on an individual level, the firm would find it harder to customize

their offerings to fit the specific needs of each individual customer.

An real-world example of this discussion is Waterdrop, which is a publicly-traded

(NYSE: WDH) insurance company providing an insurance platform that sells insur-

ance directly to users. Waterdrop partners with more than 60 traditional insurance

companies. When describing their value-add to their partner insurance companies,

Peng, the founder and CEO of Waterdrop, explained that a key benefit is Waterdrop’s

ability to learn about individual user behaviors:

We started out as a 2C company, connecting people who want to help with those in need of
help, then we evolve to 2B over time.... We can help them on their sales process, and sometimes
even help them improve their product based on our data. Sometimes we help them design a
new product from scratch based on our learning about our customers.

We have a holistic view of different user profiles and their purchase or browsing behavior
about not only insurance products, but also fund-raising events and donation behaviors, after
we aggregate the 60+ insurance companies’ data on our platform. Other than improving their
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sales process and improve their product, we sometimes also help them do risk management
when they have potential insurance buyers—to make sure the buyers are legit.

While a single traditional insurance company has its own sales channel data on

individuals, the Waterdrop platform aggregates a large volume of data—including

sales data on products from multiple insurance companies—which helps with firm-

individual learning on top of firm-market learning.

As a result of this synergy from personal data, even when two firms are competing

in the same market with similar products, they may find it beneficial to have access

to each other’s personal customer data or data insights derived from data purchases

or partnerships. Together, the increased data volume and economy of scale can lead

to enriched insights into user behavior, improved decision making, and increased

revenue.

Velocity of personal data. The velocity of big data represents the rapidity of data

creation (Davenport et al., 2012; Erevelles et al., 2016; Lycett, 2013). It is essential for

the data to be recorded continuously and in real time (Lambrecht and Tucker, 2015).

We propose that the features of personal data specifically allow firms to target and

respond to individuals’ real-time preferences. In contrast, non-personal data allows

firms to target markets, which may have diminishing returns to the firm.

When investing in personal data, high velocity real-time data allow firms to proac-

tively improve and relying on their data analysis capabilities in the face of change.

Data-based learning that is guided by algorithms can enhance a firm’s capabilities

to understand customer preferences, which is crucial to firm strategy (Brandenburger

and Stuart Jr., 1996), especially for products such as experienced goods (Nelson, 1970).

Such data generate value by enabling firms to learn about identifiable individuals and
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target individual-specific business goals, both of which yield increasing marginal re-

turns to the firm (Iansiti and Lakhani, 2020).

High-velocity personal data can facilitate both data-driven learning and individual-

specific targeting, as they link to the real identities of customers and update with

real-time changes in customer behaviors. In contrast, while real-time non-personal

data can provide the latest profile of a market, the data does not link to the identity

of individual customers, which inevitably results in diminishing returns to firms.

Therefore, firms gain competitive advantages through the velocity of personal data,

which enhances algorithmic prediction accuracy and allows firms to respond swiftly

to changes in individual customer preferences.

An experienced data scientist at Google explained the benefits of real-time algo-

rithms as follows:

Both the user and the recommendation algorithm can benefit from the engagement process
when users interact with the product. The two improve each other—by observing and respond-
ing to users from the algorithm perspective, the benefits of real-time algorithms come in two
folds—both the algorithm becomes better in recommending real-time objects and engage with
the users before the user decides to purchase thing, but also the user, because of this quickly
targeted response from the algorithm, will have a better experience which in turn engage with
the product more as well.

While non-personal real-time data target markets, real-time personal data target

individuals. Algorithms exploiting the latter should reinforces the user engagement

experience by responding and making improvements quickly, which would reshape

user reactions in real time and keep engagement going.

Variety of personal data. The variety of big data refers to the various sources and

formats of data (Baars and Kemper, 2008). In the context of personal data, we pro-

pose that greater “within-individual” variety enables long-tail analysis of the cus-
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tomers. In contrast, variety of non-personal data would mainly provide insights for

bulk or head users in the market.

As with volume and velocity, a firm’s competitive advantage from having variety

of personal data is as beneficial as the data’s trackability. As a firm increases within-

individual variety when collecting information that links to a customer, such per-

sonal data are likely to contain diverse information on the user’s niche behavior and

personalized preferences. Understanding this long-tail customer behavior reduces a

firm’s search costs and helps boost product sales (Brynjolfsson et al., 2011b; Zhang,

2018). On the contrary, a greater variety of non-personal data cannot link to indi-

vidual customers, and would mainly provide aggregated information on the bulk

or head users in the market.

For example, a Boston-based company that provides virtual makeup try-on prod-

ucts enabled by AI technology was acquired by one of the world’s largest cosmetics

companies in 2017. This company explained that the main value proposition driving

their negotiation was their ability to provide a large variety of personal data:

Our data is a completely new type of data. They might have basic transaction data such as
email, name, age, and general information, but they don’t have the user’s face data—they don’t
really know who is exactly is the consumer until they have this face data. It could be comple-
mentary to their decision—they now know the faces their makeup products will be applied to.

While the large cosmetic company already had large quantities of non-personal

data (such as transaction data), a new category of data (such as face data) contributed

to their variety of personal data, helping them better understand long-tail or niche

user behavior.

We summarize the competitive advantages of personal data along the aforemen-

tioned three dimensions in the theoretical framework below (Table 2.1). This then
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Table 2.1: Theoretical Framework on Personal Data Competitive Advantage

(Section 2.2) Competitive Advantage From (Section 2.3) Strategic Goal Hypothesis of Firm Decision
Non-Personal Data Personal Data

Volume Firm-market learning Firm-individual learning Build scale H1
Velocity Target market: diminishing returns Target individual Build capabilities H2
Variety Bulk/aggregate/head Long-tail Build scope H3

leads to our hypotheses in Section 2.3.

2.3 Hypothesis Development

Following the proposed theoretical framework on the dimensions of competitive ad-

vantage from personal data, we develop a series of empirically testable hypotheses.

Specifically, in light of the unique properties of personal data, we make predictions

on how firms make strategic investment decisions in personal data for specific di-

mensions of competitive advantage: gaining scale, accumulating capabilities, and

expanding scope.

To observe the data acquisition decisions firms make, we study their personal data

investment decisions in the context of the rising global implementation of data reg-

ulation policies. While some firms previously purchased data through various chan-

nels, including the black market, recent data regulations prevent firms from obtaining

data except by purchasing data from other firms. The General Data Protection Reg-

ulation (GDPR), for example, only permits personal data trading with the consent of

the user, and the Cybersecurity Law of 2016 forbids data purchase from illegal mar-

kets.

Such data regulations represent a change to firms’ access to data, which enables us

to investigate their big data investment decisions. When faced with data regulations,

firms turn to alternative data acquisition channels, such as venture capital investment,
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to obtain the competitive advantages of personal data. From a strategic management

perspective, based on our theoretical framework, firms may tend to invest in personal

data to enhance the volume, velocity, and variety of the data. This helps firms achieve

competitive advantages by helping them build the scales, capabilities, and scopes of

their data strategies.

First, under the aforementioned data regulations, firms may acquire personal data

through alternative routes in order to enlarge the volume of data and achieve scale

in their business. One notable case is JD.com (JD), a large online retailer in China

that is similar to Amazon in the United States, who invested in Vipshop, a Chinese

e-commerce platform that mainly focuses on apparel, cosmetics, and household prod-

ucts. Since June 2018, JD has bought nearly six million American depositary shares

(ADS) of Vipshop and has constantly increased its stake in Vipshop. By August 2019,

JD held more than 10 million type A shares (6.7% of Vipshop). Both JD and Vipshop

have been named among the top five e-commerce companies, as ranked by gross mer-

chandise volume. They had been competitors in the high-margin apparel sector be-

fore JD’s investment. After the investment, the two companies worked synergistically

in order to attract more female users to their platforms, which led to the introduction

of more products (e.g., cosmetics and luxury goods) with higher profit margins.

Large investments of this type between top e-commerce companies typically in-

volve consideration of many strategic factors (Basu et al., 2011; Dushnitsky and Lenox,

2006; Sykes, 1990). However, in the case of JD and Vipshop, there was clearly a deep

collaboration on data acquisition. Collaboration between the two materialized in

March 2018 after JD’s purchase of Vipshop’s American depositary shares. This collab-

oration resulted in both platforms collecting and sharing data that were acquired sub-

sequently. In June 2018—only three months after the unveiling of their collaboration—
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JD and Vipshop jointly reported data illustrating trends in the retail market, suggest-

ing that data sharing contributed to JD’s decision to invest in Vipshop.

We thus propose the following hypothesis:

Hypothesis 1 (volume, or scale): Due to data regulation, firms are more likely to acquire

data by investing in other firms to achieve volume and scale.

For firms that rely more on real-time continuous big data, which have high data

velocity, the impact of data regulation on data investment behavior may be greater as

firms build their dynamic and adaptive capabilities.

A firm’s “dynamic capability”, or the firm’s ability to constantly update and recon-

figure resources in response to changes in the external environment (Clough et al.,

2019; Day, 2011; Gao and McDonald, 2022; Kozlenkova et al., 2014; Lin and Wu, 2014;

Teece, 2007; Wu, 2010), is vital for developing a sustainable competitive advantage.

Firms using novel consumer insights from big data analysis can incorporate skills and

knowledge that have already been embedded within the organization to alter existing

resources and create value (Day, 2011; Kozlenkova et al., 2014; Teece, 2007), thereby

enhancing its dynamic capability.

For companies that seek data as complementary assets when making investment

decisions via channels like CVC investment, the rapidity of data creation is an in-

creasingly important factor to consider (Colombo et al., 2006). As proposed in our

theoretical development, the effectiveness of personal data on firm performance

depends on velocity, i.e., the rapidity of data creation (Erevelles et al., 2016; Lycett,

2013), as one of the three main dimensions of value creation. For example, credit

card companies rely on “ready-to-market” data and systems to act quickly—as fast

as within a single day—on customers’ urgent financial issues, which requires real-
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time continuous data to support analysis and decision making. Social media analytics

is another real-time monitoring context where the firm needs data with high velocity

to be able to capture fast-breaking internet trends (Davenport et al., 2012).

As a result, regulation on personal data transactions more severely limits the dy-

namic and adaptive capabilities of firms that rely on real-time big data—such as B2C

firms. This leads to a larger shift in these firms’ investment behaviors when acquir-

ing the data of competing firms, especially those that have the most relevant data in

terms of velocity.

Hypothesis 2 (velocity, or capabilities): Due to data regulation, firms that rely on real-

time big data are more likely to acquire data compared to other firms to gain velocity and capa-

bilities.

Finally, firms may tend to increase their alternative acquisition of personal data in

order to enhance the variety of data and achieve benefits of scope in their businesses.

In the context of venture capital investments, it has been shown that common own-

ership of venture capital can function as a bridge between acquiring and target firms.

This could reduce information asymmetry between the two firms, leading to a higher

likelihood of the acquisition actually taking place (Gompers and Xuan, 2009). The

presence of common ownership in venture capital also leads to increased stock pay-

ment in M&A transactions and better long-term post-deal performance due to lower

transaction costs and more transparent financial statement information (Brooks et al.,

2018; Matvos and Ostrovsky, 2008).

We argue that, to achieve the benefit of scope with data variety, firms with substi-

tutable channels of information sharing, such as common ownership, reduce the ef-

fect of data regulation on firms’ data investment behaviors. While competitor data
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is a valuable resource for strategic decision-making—including such tasks as un-

derstanding customers and monitoring market changes (Brynjolfsson et al., 2011a;

Wamba et al., 2017)—possible ways of acquiring insights include direct purchases

on the black market, forming investment linkages through CVC investment, and ac-

quiring insights through shared investors with the target company. While the regula-

tion of data transactions regulates firms’ data purchasing behaviors, the presence of

shared investors or common ownership functions as a bridge to reduce information

barriers across firms (Gompers and Xuan, 2009) and jointly reduces operational costs

(He and Huang, 2017). As a result, the need for the company to acquire data for vari-

ety can be addressed by existing common ownership. This leads to a decreased effect

of data regulation on firms’ data investments in which common ownership or other

substitutable channel of information sharing is present.

Hypothesis 3 (variety, or scope): Due to data regulation, firms with no other substitute

channel for information-sharing are more likely to acquire data from firms to gain variety and

scope.

2.3.1 Empirical Setting: Recent Regulations on Personal Data Transactions

In recent decades, the increasing value of personal data to firms has given rise to an

unregulated market for personal data (Czeschik, 2018; Spiekermann and Korunovska,

2017). The buyers in this market vary from telephone scammers and personal data

thieves to insurance companies, loan underwriting companies, e-commerce compa-

nies, and other businesses of considerable size.

As a result of public concern about data privacy, many countries have passed laws

against personal data transaction (Regan, 2003). A recent example of data regulation
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is the European General Data Protection Regulation, or GDPR, which is the toughest

privacy and security law in the world and was put into effect on May 25, 2018. The

regulation itself is large, far-reaching, and light on specifics, making GDPR compli-

ance a daunting prospect (GDPR, 2018).

China also passed its first GDPR-equivalent regulation in November 2016. Known

as the Cybersecurity Law, it outlawed transactions involving personal data and im-

posed a strict penalty for violations. By way of background, the market for personal

data in China is massive and has long existed in a grey area. The large amounts of

data amassed from various sources made personal data cheap and accessible to firms

willing to participate in this market. For instance, in 2017, the transaction histories

of individual users on major e-commerce platforms, such as Taobao and JD—which

typically consist of around 25 pages, or at least 250 items’ worth, of order history on

Taobao and three years of order history on JD—were sold for only 0.15 USD per user.

Cellphone history reports for individual users, including an individual’s 30 most-

contacted people and call history over the past 180 days, were sold for 0.57 USD per

user. Other data in the personal data market included household expenditure re-

ports, flight and travel records, account balances, personal loan statuses, and other

records from Alipay (similar to PayPal in the U.S., and owned by the Alibaba Group

in China).

The Cybersecurity Law was the first meaningful regulation that banned these and

other transactions involving personal data. This law also made firms legally responsi-

ble for protecting personal data. In Chapters 4 and 6 of this law, transactions involv-

ing personal data were outlawed both in the public and private sectors. Furthermore,

the law imposed a fine of 1 to 10 times the illegal income, with a minimum fine of

150,600 USD. Any disclosure of personal data required permission from the person
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concerned.

Prior to 2016, the major law regulating or punishing personal data leaks and trans-

actions was Criminal Law Amendment 7 (August 2009), to which an addendum was

appended after Article 253. This stated that employees of the government and other

state-owned institutions (including finance institutions, telecommunication compa-

nies, transportation companies, and education and public health institutions) cannot

sell or illegally provide personal information to others. This law imposed a penalty of

up to three years in prison for violations. In August 2015, Criminal Law Amendment

9 was introduced to raise the penalty to three to seven years in prison and a monetary

fine. However, because they failed to regulate transactions in private sectors, these

laws were largely unsuccessful. As a result, there were very few cases in which the

laws and their penalties were actually enforced. Although transactions involving per-

sonal data in the public sector were illegal de jure, no concerns were raised de facto.

The Cybersecurity Law and the GDPR are similar in several ways. First, both the

Cybersecurity Law and the GDPR defined the legal concept of personal data, as any

information that relates to an individual who it can directly or indirectly identify. Ex-

amples of personal data include names and email addresses, location information,

ethnicity, gender, and biometric data (article 4 of (GDPR, 2018); Chapter 7, provi-

sion 76 of (China Cybersecurity Law, 2016)). Second, both laws emphasize the re-

sponsibility of organizations for data protection, meaning that they must “by design

and by default” consider data protection, which means that firms must consider the

data protection principles in the design of any new product or activity (article 25 of

(GDPR, 2018); Chapter 3.1 of (China Cybersecurity Law, 2016)). Third, both the Cy-

bersecurity Law and the GDPR levy harsh penalties on those who violate its privacy

and security standards. The GDPR especially has a high monetary penalty. For exam-
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ple, France levied a fine of $35 million USD on Amazon in 2020 due to the company’s

failure to get consent for cookies generated by its website. The monetary penalty for

the Cybersecurity Law is smaller—up to ten times the illegal income—but contains

provisions that make selling personal data a criminal offense, as well as a regula-

tory order that shuts down products related to selling personal data. For instance,

Datatang Technology Co., Ltd (Datatang), a public company whose main business

involves selling personal data, had counted Google, Baidu, Alibaba, and Tencent

among its largest clients. Datatang experienced a $4.22 million USD loss due to the

government-led shutdown of two of its products. Furthermore, 21 employees and top

management team members at Datatang received prison sentences ranging from 10

months to 4 years and 6 months.

Equally as important as the passage of the Cybersecurity Law was its enforcement.

Before 2016, there were almost no cases ruling on the illegal sharing of personal data.

According to the Ministry of Public, once the Cybersecurity Law was enforced, there

were 1,600 criminal cases in 2016, involving illegally acquired personal data. They

involved 4,200 suspects and 30 billion personal data entries. These cases, together

with media exposure about the law, raised public awareness of the issue. As with all

laws, the regulation’s efficacy depends on its degree of enforcement. The degree to

which regulation will continue to be enforced and to what extent remain to be seen.

Although the law has been enforced to date, this does not guarantee that it will con-

tinue to be enforced.

For our study’s purpose, we needed to observe a market where personal data trans-

actions are of great importance to the industry—as is the case with e-commerce, in-

surance, and load underwriting all industries in which data can be a core asset. Of

these, one of the most valuable types of data is e-commerce transaction data, which
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other companies, especially similar firms, can leverage to advertise similar prod-

ucts to the individual associated with the personal information. We focused on e-

commerce because firms in industries with rapid technological change, high compet-

itiveness, and weak appropriability engage in more CVC investment behavior (Basu

et al., 2011) to acquire data from other firms. Such investment behavior is a major al-

ternative channel of acquiring data from other firms. We used the passage of China’s

Cybersecurity Law as an exogenous shock to study the response of these firms.

2.3.2 Data and Empirical Design

Dataset

We analyzed data from a large platform that connects investors to companies. The

platform originated as a media company and has well-documented data describing a

variety of companies on the market, ranging from startups to large public companies

such as Alibaba. The dataset included approximately 116,405 companies and 923,482

pairwise relationships between investors and investees, with each realized investment

associated with an investment event that happened between 2013 and 2018. Note that

the number of pairwise relationships is more than the number of companies because

companies usually receive funding from various resources in each round of funding,

and the dataset contains investments from both independent VC firms and corporate

investors.

The dataset was collected manually from both public and private sources. The pub-

lic sources include investment news and information disclosed to company share-

holders. The private sources include interviews with company founders and manage-

ment teams. At the company level, a total of 390 variables are included in the dataset,

including the legal name of the company (from which the company’s shareholder
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structure can be inferred), descriptions of products, the background of the founders,

the number of rounds of fundraising, and associated details, such as the names of in-

vestors in each round of investment, time of investment, amount of money raised, and

valuation of the company, when applicable. At the pairwise level, the total number

of investment events in the dataset is 923,482, as measured by the number of real-

ized investor-investee pairs. Both independent investors and corporate investors were

included, among which 13,535 investments were made by a total of 4,387 corporate

investors. We used these realized investment deals to construct our dataset in an anal-

ysis that included both realized and unrealized investment deals.

We obtained our proprietary dataset from a database maintained by the largest

startup-focused media company. Our dataset contained multifaceted information

compiled from news articles (public information sources), interviews (private infor-

mation sources), and various documents—for example, the founding teams’ résumés.

It contained manually-labeled industry categories including “platform,” “SaaS,” and

“shared economy,” which provide more descriptive terms than traditional indus-

try categories such as “internet” or “software.” Additionally, this dataset contained

detailed product information from various companies, as well as a one-sentence de-

scription of the company.

We identified our time span of interest as January 2015 to August 2018, correspond-

ing to approximately two years before and after the introduction of the Cybersecu-

rity Law (November 2016). To better identify competitor relationships between com-

panies, we narrowed the dataset to investments made by e-commerce companies.

We found 212 e-commerce companies that made at least one investment from Jan-

uary 2015 to August 2018. Moreover, we found that, from a pool of 725 potential

investees—defined as any company that had ever received an investment from an
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e-commerce company—554 deals materialized during this time span. We catego-

rized companies according to a list of identifiers present in the dataset. For each com-

pany, the identifiers ranged from broad to narrow and defined the industry (e.g., con-

sumer goods), subindustry (e.g., cosmetics or men’s apparel), and types of products

sold. Product information was manually collected through both public information

sources, such as websites and news articles, and private information sources, such as

interviews with founders. Taken together, this dataset provided well-documented

information on companies across different business stages, from startups to publicly

traded companies.

To our knowledge, this dataset represents one of the most complete sources of

company data available. In previous studies (Chang and Xu, 2008; Li et al., 2009; Lin

et al., 2009), data from companies largely came from three resources: (1) the Securities

Regulatory Commission (CSRC), (2) WIND, and (3) other government-released sur-

veys (e.g., the Annual Industrial Survey Database of the National Bureau of Statistics

(NBS) and the Survey of Foreign Invested Industrial Enterprises). The CSRC dataset

documents legal entity registration data but contains less relevant entities, includ-

ing small businesses and sole proprietorships, which comprise most of the dataset.

Furthermore, the information contained in this dataset is limited. For instance, it is

difficult to distinguish a company’s core business from the CSRC dataset because the

dataset contains only industry-level information. The WIND dataset focuses on fi-

nancial entities and is enriched for public and large companies. Here, data for private

companies were largely obtained from industry groups, which may not be frequently

updated and whose data may vary in quality depending on industry. Other datasets

provided by the government are narrow in scope and suffer similar drawbacks as

those mentioned above for the WIND dataset.
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Empirical Design

Viewing the passage of the Cybersecurity Law in November 2016 as an exogenous

shock, we implemented a difference-in-differences analysis to study how the regula-

tion of privacy influences firms’ investment choices. Specifically, we examined how

regulation affects the likelihood of obtaining data for individual firms and changes

the synergy between competing firms.

As we focused on the e-commerce industry, we might expect firms to view data as

a core asset. Although the importance of data to individual companies may vary, the

difference-in-differences method addresses this variance and estimates the average

treatment effect for the e-commerce industry as a whole.

Accordingly, we constructed all possible pairs of investor-investee companies for

our difference-in-differences analysis. Each of the 212 investors that invested between

January 2015 and August 2018 were paired with each of the prospective 725 investees,

resulting in 153,700 pairwise relationships. We then split the time span of January

2015 to August 2018 into 15 quarters and constructed panel data for each pair of com-

panies, resulting in 2,305,500 observations.

Dependent Variable

We assigned a dummy dependent variable, Realizedijt, to indicate whether a po-

tential investor-investee pair between firms i and j realized an investment in quar-

ter t in the panel observation. If the pair indeed realized an investment in quarter t,

then the dependent variable equals 1; otherwise, the dependent variable equals 0. We

dropped observations in which an investment was made before quarter t. We also

dropped observations for pairs in which the investor or the investee had not been

founded yet in quarter t of the panel observation. After removing these two types
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of observations, we had 4,783,891 observations remaining in the dataset, with 983

investor-investee pairs having realized deals in the time span of interest.

Treatment and Control Groups

We defined the treatment and control groups in our difference-in-differences anal-

ysis using a dummy variable called Competitorij , for which firm pairs with competi-

tive relationships (equals 1) are the treatment group and firm pairs with noncompeti-

tive relationships (equals 0) are the control group. Because the cost of acquiring data

may increase as a direct result of the Cybersecurity Law, we expected, for firms that

were previously competitors, greater synergy from their overlapping data compared

to noncompetitive firms. Thus, for firms aiming to leverage data to expand their busi-

ness, competitor data can be a valuable and complementary asset for both companies.

In other words, compared to other firm pairs, these are the firm pairs to which the

regulation change is more relevant. We hypothesized the need to share data after the

enforcement of the law to increase the probability of forming an investment relation-

ship in the treatment group, where the pairwise relationships of firms are competi-

tive.

We identified competitive relationships between firm pairs as follows: first, we

used the “term frequency–inverse document frequency” (tf-idf), a numerical statis-

tic that reflects how important a word (tag) is to a document (company), to vectorize

the industry tags of each company in the dataset. We then defined the presence of a

competitive relationship based on the cosine of the two vectors of the company dyad,

a scalar quantity which reflects the degree of overlap in their main businesses. Ap-

pendix A provides more technical details of this computation. For now, it is conve-

nient to use Mogu.com as an example to illustrate typical results. The tags associated
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Table 2.2: Examples of Competitor Relationships

Investee tag Investee Company Similarity with Mogu.com Competitor
[B2C] [Oversea Procurement] [E-commerce] Taoshijie 0.0666273 0

[B2C] [Female Apparel] [E-commerce] [Platform] [Cosmetics] Meilishuo 0.3761816 1

with MOGU.com are:

[B2C] [Female Apparel] [Shopping Guide] [Hat & Shoes] [E-commerce] [Platform]

[Dress Collocation]

In using the procedure described above, we find the following similarity scores and

competitor relationships:

We can see all three companies are in the B2C e-commerce space. With our method,

we can identify competitor relationships based on the information gain from each of

their businesses, while the impact of more prevalent industry tags such as B2C or

e-commerce is de-emphasized, thus reducing the noise generated by the alternative

hierarchical classification structure.

Moderators and Control Variables

To identify whether a company is B2B or B2C, we used the manually labeled tags

in the description of each company in our dataset. If a company had B2C as one of

its tags, we identified the company as consumer-facing, i.e., Investor 2C equals 1. For

common ownership, we collected all shareholder information from the Administra-

tion for Market Regulation of China, which is a publicly available data source for

shareholder information and legal risks that covers all companies in China. If there

was a common shareholder, we identified the investor-investee dyad as having com-

mon ownership, i.e., Common Ownership equals 1. We also controlled the stage of the

investee companies by their founding year, denoted as Investee Year Founded.
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Table 2.3: Summary Statistics ofMain Variables

Variable Mean Std. Dev. Min Max
Realized % 0.017 1.29 0 100
Quarter 227.65 4.00 221 234
Competitor 0.10 0.31 0 1
Post 0.52 0.50 0 1
Investee Year Founded 2,002.78 21.55 1,759 2,018
Investor 2C 0.62 0.49 0 1
Common Ownership 0.01 0.10 0 1

Note: Total number of observations is 4,783,891. A correlation table for the main
variables is in Appendix B.

2.4 Results

2.4.1 Descriptive Statistics

In the final panel dataset, we had 4,783,891 observations at the investor-investee pair

level; that is, each observation consists of an investor, an investee, and the invest-

ment information associated with the pair. Of all possible investments, 0.021% were

realized (983 in total). Of the 4,783,891 pairs, we identified 529,117 as competitors

(11.06%), with the remaining 4,254,774 identified as noncompetitors. Table 2.3 lists

the summary statistics of the main variables.

To establish the validity of the difference-in-differences specification, Figure 2.1

illustrates the parallel pre-trends between the treatment and control group obser-

vations. Specifically, we compared the average percentage of realized investment

among the investor-investee pairs over the quarters from 2015 to 2018. We can see

that, while the pre-trends of the realized investment over time are similar between

the two groups—-indicating that the treatment and control groups satisfy the parallel

pre-trends assumption—the two groups diverge on their realized investment after the
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Figure 2.1: Parallel Trend

Note: Total number of observations is 4,783,891. The graph shows the probability of
investment within each group over time.

enforcement of the Cybersecurity Law, illustrating the potential impact of the shock

on the likelihood of firms in investing in their competitors.

Next, we conducted t-tests to compare the investment realization rate between the

treatment/control group pairs, i.e., investor-investee pairs with competitive/noncompetitive

relationships, before and after the enforcement of the Cybersecurity Law. From Ta-

ble 2.4, we see that, after the policy shock, the investment probability significantly

increased for competitive relationships (p < 0.01), whereas it did not significantly

change for noncompetitive relationships (p = 0.631). The mean for competitive rela-

tionships was larger than that for noncompetitive relationships, because there were

more noncompetitive pairs than competitive pairs.
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Table 2.4: t-Test Comparison of Firm’s Realized Investment for the Treatment and Control Groups Before
and After the Regulation Change

Mean before Policy Mean after Policy Difference t-Statistic p-value
Competitive 0.0299 (1.7296) 0.0555 (2.3542) 0.0255 (0.0059) 4.35 <0.01
Noncompetitive 0.0135 (1.1605) 0.0140 (1.1837) 0.0005 (0.0011) 0.48 0.631

Note: The table compares the investment realization for the treatment and the control
groups, i.e., between competitive vs. noncompetitive pairs, before vs. after the Cyber-
security Law. The difference is after policy mean net before policy mean. Standard
deviations are shown in the parentheses.

2.4.2 Main Specification and Results

We formalized the comparison results in Table 2.4 with a difference-in-differences

approach based on a linear probability regression model, as shown in Equation (2.1).

For prospective investor firm i and prospective investee firm j at quarter t, the out-

come is a dummy variable, Realizedijt, that indicates whether firm i and firm j formed

an investment relationship in quarter t:

Realizedijt = α× Competitorij + β × Competitorij × Postt (2.1)

+γ × Postt + θXj + δi + ρt + ϵijt

In Equation (2.1), Competitorij is a dummy variable indicating whether firm i and

firm j are in a competitive relationship, which equals 1 if the two are competitors and

0 otherwise. Postt is a dummy variable indicating whether the Cybersecurity Law

is enforced in quarter t. For quarters after November 2016, Postt equals 1. We also

included controls for the investee company j and fixed effects in both investors and

time. α measures the average probability of investment between competitors and

noncompetitors, and γ measures the net effect of the policy shock on investments.
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The coefficient of interest is the interaction term, β, which measures the effect of the

Cybersecurity Law on investment in competitors. If there is no change in investment

regarding competitive relationships, β should not be statistically significant. If there

are more investments between competitive relationships because of the law, β should

be positively significant. If the law results in less investment between competitive re-

lationships, β should be negatively significant.

A potential factor that would affect the investment decision is the relative company

size. It often happens that a large firm acquires a small firm, but we cannot neces-

sarily expect them to view each other as competitors even if their businesses overlap

significantly. We used the number of years founded for each of the firms in our re-

gression to control for this size difference.

We also included the investor and year fixed effects. Investor firms can be in dif-

ferent business stages and use different strategies when choosing potential investee

companies; they may also have different needs when choosing companies of differ-

ent levels of business overlap. Including investor fixed effects can correct for this bias.

Year fixed effects are included to control for yearly changes, including general mar-

ket conditions, because for the years when stocks are high, companies have more

money incentives to expand. Year fixed effects also control for the yearly changes in

the quality of potential investee companies, as investee companies’ equity value can

vary depending on different market conditions. Year fixed effects take into account

these potential biases that may arise in the regression.

We report our linear probability model results in Table 2.5.† As shown in Models

2.5-(1) to 2.5-(3), the coefficient of the interaction term between competitor relation-

ship and post-Cybersecurity Law was positive and statistically significant. After the
†The results are consistent when we estimate the model using a logit specification.
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enforcement of the Cybersecurity Law, being in a competitive relationship increased

the investment probability by 0.025%. This is an economically meaningful increase

compared to the benchmark of the overall investment probability of 0.021%. While

the net effect of the Cybersecurity Law was not obvious in the overall investment

probability, the average investment between competitors was significant; however,

of the 983 total realized investments in the dataset, 613 investments were between

noncompetitors and 370 were between competitors. This is because the average ef-

fect of being in a competitive relationship on investment probability is, in fact, the

investment probability difference between the means of the two groups. The invest-

ment probability is the ratio of the number of investments in the group’s pairs. While

more investments were realized in noncompetitive pairs than in competitive pairs,

the total number of pairs in noncompetitive relationships was larger than that in com-

petitive relationships by two to three magnitudes, which resulted in a significantly

lower average investment probability in the noncompetitive group compared with

the competitive group.

To test for differences in the effect of data velocity and variety on firm investment

behavior, we employed a triple-difference-in-differences approach to test for Hy-

pothesis 2 and Hypothesis 3. For Hypothesis 2, we constructed a dummy variable,

Investor2Ci, based on the firm’s description of its main business, which takes the
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Table 2.5: The Impact of Data Volume on the Likelihood of Firm Investment

(1) No Controls (2) Control for Investee Year Founded (3) Fixed Effects
Competitor × Post 0.0250*** (0.0059) 0.0250*** (0.0059) 0.0249*** (0.0059)
Competitor 0.0165*** (0.0036) 0.0165*** (0.0036) 0.01754*** (0.0037)
Post 0.0005 (0.0011) 0.0005 (0.0011) -0.0051** (0.0025)
Investee Year Founded 0.0128e-3 (0.0294e-3) 0.0181e-3 (0.0295e-3)
Constant 0.0135*** (0.0008) -0.0122 (0.0588) -0.0288 (0.0597)
Time fixed effect NO NO YES
Investor fixed effect NO NO YES
Observations 4,783,891 4,783,891 4,783,891
R2 0.0001 0.0001 0.0034

Note: The unit of analysis is at the investor-investee dyad level. The dependent vari-
able is Realized (0 for non-realized pairs, 100 for realized pairs). We scaled up the
Realized dummy variable 100 times because the number of realized investments was
relatively very small as compared to the number of all possible investments. The
variables are defined in Section 2.5. Robust standard errors in brackets. ∗p < 0.10;
∗∗p < 0.05; ∗∗∗p < 0.01.

value 1 if the firm is consumer-facing and 0 otherwise:

Realizedijt = α× Competitorij × Postt × Investor2Ci (2.2)

+β1 × Competitorij × Postt + β2 × Postt × Investor2Ci

+β3 × Competitorij × Investor2Ci + γ1 × Investor2Ci

+γ2 × Postt + γ3 × Competitorij + δi + ρt + θXj + ϵijt

Similarly, for Hypothesis 3, we constructed a dummy variable, CommonOwnershipij ,

which takes the value 1 if common ownership exists between the investor firm i and
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Table 2.6: Regression of the Impact of Data Velocity on the Likelihood of Firm Investment

(4) No Controls (5) Control Investee Year Founded (6) Fixed Effects
Competitor × Post × Investor 2C 0.0386* (0.0200) 0.0386* (0.0200) 0.0399** (0.0200)
Competitor × Investor 2C -0.0515*** (0.0130) -0.0515*** (0.0130) -0.0486*** (0.0131)
Investor 2C × Post -0.0139*** (0.0025) -0.0139*** (0.0026) -0.0162*** (0.00259)
Competitor × Post 0.0068 (0.0192) 0.0068 (0.0192) 0.0072 (0.0192)
Competitor 0.0577*** (0.0126) 0.0577*** (0.0126) 0.0578*** (0.0127)
Post 0.0015 (0.0012) 0.0015 (0.0012) -0.0037 (0.0025)
Investor 2C 0.0067*** (0.0011) 0.0067*** (0.0011) -0.0035 (0.0151)
Investee Year Founded -2.99e-6 (2.97e-4) 2.84e-6 (2.97e-5)
Constant 0.0099*** (0.0009) 0.0159 (0.0593) 0.0058 (0.0602)
Time Fixed Effect NO NO YES
Investor Fixed Effect NO NO YES
Observations 4,783,891 4,783,891 4,783,891
R2 0.0001 0.0001 0.0035

Note: The unit of analysis is at the investor-investee dyad level. The dependent vari-
able is Realized (0 for non-realized pairs, 100 for realized pairs). We scaled up the
Realized dummy variable 100 times because the number of realized investments was
relatively very small as compared to the number of all possible investments. The
variables are defined in Section 2.5. Robust standard errors in brackets. ∗p < 0.10;
∗∗p < 0.05; ∗∗∗p < 0.01.

investee firm j and 0 otherwise:

Realizedijt = α× Competitorij × Postt × CommonOwnershipij (2.3)

+β1 × Competitorij × Postt + β2 × Postt × CommonOwnershipij

+β3 × Competitorij × CommonOwnershipij +

γ1 × CommonOwnershipij + γ2 × Postt + γ3 × Competitorij

+δi + ρt + θXj + ϵijt

We report the OLS estimation result of Hypothesis 2 in Table 2.6 and Hypothesis

3 in Table 2.7. Specifically, in Table 2.6, Models 2.6-(4) and 2.6-(5) report the results

of the OLS regressions without and with the control variable, respectively. Model

2.6-(6) further includes fixed effects. We can see that the coefficient of the triple in-
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Table 2.7: Regression on the Impact of Data Variety on the Likelihood of Firm Investment

(7) No Controls (8) Control Investee Year Founded (9) Fixed Effect
Competitor × Post × Common Ownership -0.1756** (0.0857) -0.1756** (0.0857) -0.1754** (0.0857)
Competitor × Common Ownership 0.0836 (0.0842) 0.0835 (0.0842) 0.0878 (0.0845)
Common Ownership × Post 0.0308* (0.0178) 0.0308* (0.0178) 0.0304* (0.0178)
Competitor × Post 0.0263*** (0.0059) 0.0263*** (0.0059) 0.0262*** (0.0059)
Competitor 0.0159*** (0.0036) 0.0159*** (0.0036) 0.0169*** (0.037)
Post 0.0002 (0.0011) 0.0002 (0.0011) -0.0055** (0.0025)
Common Ownership 0.0055 (0.0095) 0.0054 (0.0094) 0.0058 (0.0105)
Investee Year Founded 1.1e-5 (2.94e-5) 1.61e-5 (2.95e-5)
Constant 0.0134*** (0.0008) -0.0086 (0.0589) -0.025 (0.0598)
Time Fixed Effect NO NO YES
Investor Fixed Effect NO NO YES
Observations 4,783,891 4,783,891 4,783,891
R2 0.0001 0.0001 0.0034

Note: The unit of analysis is at the investor-investee dyad level. The dependent vari-
able is Realized (0 for non-realized pairs, 100 for realized pairs). We scaled up the
Realized dummy variable 100 times because the number of realized investments was
relatively very small as compared to the number of all possible investments. The
variables are defined in Section 2.5. Robust standard errors in brackets. ∗p < 0.10;
∗∗p < 0.05; ∗∗∗p < 0.01.

teraction was positively significant, which means the difference in the effect of data

complementarity on firm investment behavior was statistically significant at a 5%

level. Considering that the average investment probability was 0.021%, the coefficient

shows that the difference is 0.040%, which was also material in terms of magnitude.

The results shown in Table 2.6 therefore support Hypothesis 2.

In Table 2.7, Models 2.7-(7) and 2.7-(8) show the results without and with the con-

trol variable, respectively, and Model 2.7-(9) further includes investor and time fixed

effects. The coefficient on the interaction term, which indicates the difference in the

effect between investment dyads that have common ownership, was statistically sig-

nificant. The coefficient implied a -0.175% change in investment probability, which

was also significant in magnitude considering the average 0.021% investment rate.
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2.4.3 Alternative Mechanisms

Other than the regulation of privacy itself, the elimination of anonymity could, in

principle, confound our results. Article 24 of the Cybersecurity Law states the follow-

ing (China Cybersecurity Law, 2016):

Article 24 Where network operators provide network access and domain registration ser-
vices for users, handle network access formalities for fixed-line or mobile phone users, or pro-
vide users with information release services, instant messaging services, and other services,
they shall require users to provide true identity information when signing agreements with
users or confirming the provision of services. If any user fails to provide his or her true iden-
tity information, the network operator shall not provide him or her with relevant services.

This was the first time that all internet applications and services were required to

verify the user’s true identity. Verifying users’ true identity enables better match-

ing across different firms. However, we think that this requirement would not re-

sult in major changes in the e-commerce industry because, prior to the enforcement

of the Cybersecurity Law, users were already required to verify their true identity

when purchasing products. As almost all firms require a phone number when users

register—which is different from other countries, in which only email addresses are

required—companies were able to match different users based on the identity of their

phone numbers long before the Cybersecurity Law took effect. Thus, the effect of en-

abling user information matching across different datasets should only affect a very

small number of businesses, which is statistically negligible.

Consequently, we conclude that, upon the enforcement of the Cybersecurity Law,

the increased cost of obtaining personal data motivated firms to invest more in their

competitors, particularly those who possessed the greatest amounts of personal data

that could enhance the volume, velocity, and variety of the focal firm’s data.
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Table 2.8: Placebo Test of theMain Analysis Using Past Date

(1) PostT−1 (2) PostT−2 (3) PostT−3 (4) PostT−4 (5) BeforeT−5

Competitor × PostT−1 0.0128* (0.0070)
Competitor × PostT−2 0.0086 (0.0062)
Competitor × PostT−3 0.0092 (0.0060)
Competitor × PostT−4 0.0059 (0.0059)
Competitor × BeforeT−5 -0.0059 (0.0059)
Competitor 0.0144*** (0.0035) 0.0148*** (0.0038) 0.0137*** (0.0040) 0.0148*** (0.0045) 0.0207*** (0.0041)
Investee Year Founded 0.0002*** (0.00003) 0.0002*** (0.00003) 0.0002*** (0.00003) 0.0002*** (0.00003) 0.0002*** (0.00003)
Constant 99.6864*** (0.0653) 99.6868*** (0.0654) 99.6882*** (0.0653) 99.6867**** (0.0652) -0.3036*** (0.0655)
Time Fixed Effect YES YES YES YES YES
Investor Fixed Effect YES YES YES YES YES
Observations 3,276,288 3,276,288 3,276,288 3,276,288 3,276,288
R2 0.2097 0.2097 0.2097 0.2097 0.2097

Note: The unit of analysis is at the investor-investee dyad level. The dependent vari-
able is Realized (0 for non-realized pairs, 100 for realized pairs). We scaled up the
Realized dummy variable 100 times because the number of realized investments was
relatively very small as compared to the number of all possible investments. The
variables are defined in Section 2.5. Robust standard errors in brackets. ∗p < 0.10;
∗∗p < 0.05; ∗∗∗p < 0.01.

2.5 Robustness Checks

To further support the robustness of our results, we implemented placebo tests to

check if the shock corresponds to the passage of the Cybersecurity Law in November

2016. We conducted placebo tests in which we dropped observations after Novem-

ber 2016. Taking the time variable t to be the fourth quarter of 2016, we used the

difference-in-differences method with a hypothetical policy occurring in the third,

second, and first quarters of 2016, as well as in the fourth quarter of 2015. We also

tested a hypothetical policy before the fourth quarter of 2015. The results are reported

in Table 2.8.

In the placebo test, we included time-fixed effects, so the dummies indicating that

the policy only happens in each quarter are omitted. Table 2.8 shows the results of

the difference-in-differences analysis with both time and investor fixed effects, using
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past data. The coefficients in the interaction term of Models 2.8-(2), 2.8-(3), and 2.8-

(4) are not significant, so there is no treatment effect for the last two, three, and four

quarters before the fourth quarter of 2016. We expected that very few firms had made

the decision to invest in competitors given the pending Cybersecurity Law, regardless

of whether the law will be enforced or not. Therefore, the coefficient of the last quar-

ter prior to November 2016 or the third quarter of 2016 was positively significant, but

very weak. In Model 2.8-(5), we show a very weak, but negative, effect of the hypo-

thetical policy. This effect may be anticipated, as before 2015 the investment behavior

in competitors did not generate much strategic return: there are more cost-efficient

ways to obtain the data needed.

2.6 Conclusion And Discussion

We investigated how privacy regulation by China’s Cybersecurity Law, which banned

transactions involving personal data, could change the investment behavior of firms.

We used data from a media platform that contained all companies and investments

in China’s e-commerce industry. Our findings show that, after the Cybersecurity

Law was implemented and made the cost of obtaining personal information higher,

more CVC investments were made between pairs of firms that were previously in a

competitive relationship. We also found that this effect is stronger for firms that use

data as their core asset, and weaker for investor-investee firm pairs that have common

ownership.

Our findings are important because investing in competitor companies for greater

synergy in data could result in an increased number of monopolies. For e-commerce

platforms, investing in competitor companies could result in even more network ef-
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fects and increased market power. The findings of this study may be generalized

to industries other than e-commerce, particularly industries in which there may be

trade-offs between the optimal solution for the individual and that for firms.

2.6.1 Theoretical Contributions

Our study contributes to the emerging literature on the role of big data in strategic

management. With the growing importance of big data in recent years and firms’ in-

creasing capability of data-driven management, how firms can best connect data with

strategic management has become increasingly critical to firm performance (Brynjolf-

sson et al., 2011a). Nevertheless, due to the recentness and rapidity of big data’s rise,

few existing studies have examined whether and how big data, especially personal

data, can generate firm competitive advantage (Baden-Fuller et al., 2020; Clough and

Wu, 2020; Hagiu and Wright, 2020; Lambrecht and Tucker, 2015). Among the few re-

lated studies on this topic, researchers have used a resource-based view to analyze the

business value of big data (Lambrecht and Tucker, 2015), identify strategic investment

in the use of big data in two-sided markets (Barach et al., 2019), or focus on customer

behavioral data as a specific type of asset to understand its strategic value (Baden-

Fuller et al., 2020; Clough and Wu, 2020). We have argued that big data, specifically

personal data, can provide a source of competitive advantage above and beyond con-

ventional non-personal data, and we have proposed a new theoretical framework for

the strategic use of personal data that is supported by our novel empirical design and

evidence from data regulations.

Our research may also inform work on privacy regulations. We have highlighted

the effect of data regulation on firm-wise dynamics, as measured by CVC activity.

While existing literature has mostly focused on the impact of privacy regulation on
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individual firms (Campbell et al., 2015) or advertisers (Goldfarb and Tucker, 2011), to

our knowledge, ours is the first study that focuses on the impact of privacy regulation

on a larger scale. Our study elucidates how privacy regulations could change firm-

wise relationships, drive firms to form new allies through CVC investment—which

goes beyond a single firm’s boundaries—and prompt responses from firms as a form

of compensation behavior. Our findings could inspire future research in directions in-

cluding how privacy regulation might impact different aspects of industry structures.

More broadly, our findings also contribute to the large body of literature on the

drivers for sustainable competitive advantage. While numerous prior studies have

identified the key resources to sustain firm competitive advantage (Barney, 1991; Di-

erickx and Cool, 1989; Peteraf, 1993) and explored the impact of more recent factors

on competitive advantage, such as technological change (Kapoor and Adner, 2012),

rivalry restraint (Makadok, 2010), or resource allocation (Leiblein et al., 2017), there

is still a lack of evidence on the role of big data, especially personal data, as a key re-

source in generating and sustaining competitive advantage. Our study proposes a

theoretical framework to introduce personal data as a resource distinguished by vol-

ume, velocity, and variety—as compared to non-personal data—and describes the

specific personal data strategy that gives firms a distinct competitive advantage in

this “Information Age,” extending existing theories on competitive advantages.

2.6.2 Managerial Implications

Our conclusion provides strong managerial and practical implications. For practi-

tioners, our study offers a new way of thinking about the competitive landscape of

companies in the age of big data. Specifically, our study provides comprehensive

evidence that privacy regulation can have an impact on firms’ investment choices,
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resulting in more CVC investments between competitors with the strategic goal of in-

creasing synergy in data use and leading to a potentially more monopolized market.

Our theoretical framework can serve as a roadmap for firm managers to map out the

current status of their data acquisition and usage strategies and, thus, focus on en-

hancing the key characteristics the firm is missing in their data strategies. In addition,

our empirical findings can act as a decision guideline for firms to make sensible data

investment decisions, as well as being aware of the strategic impact of their data in-

vestment by identifying the (mis)use of different types of data in their organizations.

For policymakers, our study contrasts with work that only focuses on the single-firm

impact of privacy regulations. Our study goes one step further and provides insight

on firm-wise dynamics and how intra-firm relationships will change as a result of

data privacy regulations, offering a holistic view of the policy’s effects.

2.6.3 Discussion and Future Research

Our research has limitations. First, we have used only e-commerce industry data as

our sample, owing to the complexity in identifying accurate competitive relation-

ships. Other industries may be more or less affected by the same regulation. Our

findings would be generalizable if we could also identify the conditions in which pri-

vacy regulation results in more investments between competitors. Second, e-commerce

is a competitive market, and there can be increased peer pressure when companies

make investment decisions. It is possible that, after a large firm makes an investment

in a competitor, a second firm would less powerful when competing with the large

firm, which now has one more subsidiary from which to gain market insights. This

would result in the second firm also deciding to make an investment in a competi-

tor. This peer pressure may lead to firms making investments within a short period
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of time, contributing to the effect identified in this study. Although we do not be-

lieve this is the case for the Cybersecurity Law’s enforcement—as we believe that 2016

has not marked the beginning of an especially competitive investment market for e-

commerce firms—further clarifying the scale of this effect in a more quantitative way

would be intriguing. Third, whether our results are generalizable to other countries

and different market conditions is unclear.

Nevertheless, our findings point to potential future research directions in under-

standing the strategic values of different types of data and potential approaches to

connect data with management practices. Our theoretical framework highlights the

key characteristics of big data, specifically personal data, that enables firms to achieve

key strategic steps such as scale, capabilities, and scope and to gain competitive ad-

vantage. We point out these factors as key potential strategic benefits, and we provide

theoretical explanations of how they can be achieved. Future studies could continue

in this direction to explore the theoretical value of different types of big data as well

as their strategic benefits. Alternatively, for a more practice-focused perspective, fu-

ture research could also investigate a firm’s investment and organizational decisions

to maximize its data advantages. We hope that our study inspires a new line of re-

search on the strategic value of big data in firm management.  
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3
Sorry for Getting Caught? Boosts in

Venture Capital Reputation After

Successful Getaways from

Investigations of Fraud

3.1 Introduction

Venture capital (VC) is responsible for screening high-quality startups and support-

ing startups with capital and other resources, such as personnel. In return, VCs make

money from the value they bring to startups (Gompers and Lerner, 2001; Gompers,
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1996). It has been appreciated that the reputation of a VC—defined here as an intan-

gible asset based on broad public recognition of the firm’s activities and outputs—is a

valuable trait (Rindova et al., 2005). A VC’s reputation signals for quality in the VC’s

investments when other public information is lacking and therefore contributes to the

VC’s ability to create value (Fischer and Reuber, 2007; Fombrun and Foss, 2001; Lange

et al., 2011; Lee et al., 2011).

A positive feedback loop has been well studied in the literature: the reputation of

a VC impacts its portfolio and market response, and the investments and public per-

ception of a VC, in turn, impacts its reputation. Due to the portfolio firm’s access to a

VC’s capital, expertise, network, and other resources (Gorman and Sahlman, 1989;

Jain and Kini, 2000; Pollock and Gulati, 2007), higher VC reputation is associated

with the portfolio firm’s probability of future success, as measured by post-IPO per-

formance metrics and the frequency with which other portfolio firms subsequently

go public (Ivanov et al., 2008). The portfolio firm’s affiliations with reputable third

parties, such as VCs, are viewed as valuable signals for prospective investors and

business partners (Lee and Wahal, 2004; Pollock et al., 2010; Stuart et al., 1999). As

a result, startups often enjoy favorable market valuations leading to superior firm per-

formance after receiving endorsements from reputable VCs (Lee et al., 2011; Pollock

et al., 2010). In return, startups often pay premiums in return for endorsements from

reputable VCs (Chen et al., 2008; Hsu, 2004).

On the other hand, the negative feedback loop of how negative portfolio firm out-

comes impact VC reputation has only recently been empirically examined. A VC’s

failure to monitor and discourage portfolio companies from engaging in financial

fraud has been shown to harm the VC’s reputation (Gomulya et al., 2019; Tian et al.,

2016), and reputational harm is especially pronounced for the VCs that are most fi-
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nancially involved with fraudulent portfolio companies. Both financially and reputa-

tionally, the market disciplines VCs that fail to function as delegated monitors.

However, some considerations indicate that the impact of negative portfolio firm

outcome on the endorsing VC reputation may be nuanced. A negative portfolio firm

outcome does not necessarily mean a negative outcome in the VC’s investment. For

example, successful getaways from investments in underlying fraudulent companies

may occur for VCs both financially and legally, in which VCs exit before frauds are

exposed to the public. One question naturally arises: is the reputation loss, if any, ho-

mogenous across all VCs that invested in fraudulent firms, regardless of their getaway

status? If not, then how do the reputations of VCs change for those that successfully

got away from fraudulent companies, as compared to those that did not?

To answer this question, we examined all public companies in mainland China that

have been implicated in fraudulent activity. We found that VCs who succeeded in

getting away, by taking profits before the start of a fraud investigation, experience

an instant, significant, and persistent reputation increase, as compared to other VCs

who failed to get away before a fraud investigation started. Leveraging the exogenous

nature and factual accuracy of investigation announcements by the China Securities

Regulatory Commission (CSRC) on potentially fraudulent public firms, we find ev-

idence that the market disciplines VCs that fail to get away instead of those that fail

to perform delegated monitoring and provide truthful signals. We also find, consis-

tent with prior literature where the lead VC is more responsible for the failure and

suffered from reputation loss (Tian et al., 2016), that the positive effect of successful

getaways on VCs’ reputations is stronger (1) when the VC is the lead investor of the

public company, as compared to the VC being a non-lead investor; and (2) when the

VC has strong government ties, as compared to other VCs that do not. Finally, we
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provide evidence that, by investing in, and getting away from, a fraudulent firm, a

VC can have a reputational boost which makes them more prestigious as compared to

other VCs who never invested in a fraudulent company.

Our work has several contributions. First, our work contributes to the large liter-

ature on VC investments and entrepreneurial value creation, particularly that which

studies VC reputation. While it has been well accepted that more reputable VC firms

can have entrepreneurs pay premiums for their endorsements (Chen et al., 2008; Hsu,

2004), are less likely to be litigated (Atanasov et al., 2012), and exercise other powers

based on their reputation, we complement the literature by examining the negative

feedback loop in which failure to monitor or send truthful signals regarding portfo-

lio companies reduces the reputation of VCs. In particular, we identify and provide

empirical evidence on when this negative feedback loop does not work.

Second, we contribute to the literature of disciplining performance, which has pre-

viously examined settings such as investment banking. Here, less reputable invest-

ment bankers are punished by lower valuations in future IPOs (Fernando et al., 2012);

poor performing CEOs are punished by lower pay and termination (Garvey and Mil-

bourn, 2006; Jenter et al., 2014); and commercial banks that fail to act as delegated

monitors are punished by declines in market value when their borrowers suffer finan-

cial distress (Dahiya et al., 2003; Gopalan et al., 2011) or turn out to be fraudulent (Lin

and Paravisini, 2011). We identify a scenario with unique empirical evidence where

the disciplining mechanism may not function as expected in the case of successful VC

getaways before potentially fraudulent firm investments have been exposed.

Lastly, we contribute to the empirical literature on corporate fraud. In particular,

our findings complement prior literature that documents that VCs discourage restate-

ments by IPO firms (Agrawal and Cooper, 2010; Lee et al., 2011; Morsfield and Tan,
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2006). We provide evidence on how the different timing of VC exits in IPO firms can

have different mechanisms that benefit VC reputation, despite the fact that the under-

lying public firm is fraudulent.

3.2 Theory

It has been well studied that when VCs endorse a firm, VCs, as signalers, are sending

positive information on the underlying firm. The firm then benefits from the posi-

tive signal provided by the presence of reputable venture capitalist (VC) and angel

investors (Bermiss et al., 2017; Davila et al., 2003; Elitzur and Gavious, 2003; Lee

and Wahal, 2004; Stuart et al., 1999), which attracts potential stakeholders (Pollock

et al., 2010) and consumers (Reuber and Fischer, 2005). Endorsements by reputable

VCs also imply that the firm has access to the resources, network, and know-how of

the endorsing VC, which positively affects the growth of the company (Davila et al.,

2003) and increases the likelihood of future success (Gorman and Sahlman, 1989; Jain

and Kini, 2000; Pollock and Gulati, 2007). Due to the benefits of endorsement by rep-

utable VCs, firms often pay substantial premiums in exchange for endorsement (Chen

et al., 2008; Hsu, 2004).

As an industry, VC relies heavily on reputation to raise investment funds and gain

access to promising startups (Gomulya et al., 2019; Lee et al., 2011; McDonald and

Eisenhardt, 2020; Pollock et al., 2015; Wu, 2022). How VC reputation affects the un-

derlying firms is well studied, but how the negative outcome of startups influence the

reputations of VCs as signalers has only been studied recently. It has been shown that

negative outcomes, such as fraud or delisting of the endorsed firm after an IPO, harm

the endorser VC’s reputation (Gomulya et al., 2019; Tian et al., 2016).
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While recent literature emphasizes the relationship between negative outcomes

and decreases in VC reputation, this causal relationship could be oversimplified due

to two major concerns. First, it overlooks the fact that VC investments also come with

an exit in the firm, when VCs divest by selling the stocks in the firm for profit (Bascha

and Walz, 2001; Cumming et al., 2006; Cumming and MacIntosh, 2003; Giot and

Schwienbacher, 2007). Second, the causal relationship between negative outcomes

of the firm and decreases in VC reputation does not take into account of the impor-

tance of the signaling environment, which can change the interpretation and strength

of a signal (Gulati and Higgins, 2003; Janney and Folta, 2006; Park and Mezias, 2005).

We study exiting as a signal conditional on certain signaling environments where the

underlying firm turns out to be fraudulent and the exits happen before exposure of

the fraud. We identify this type of exit as a successful getaway. We then argue that

VCs with successful getaways from a fraudulent firm will have reputation increases

upon exposure of fraud, as compared to other VCs that failed to get away.

The signal of an exit is interpreted differently in different signaling environments.

In the absence of fraud in an IPO firm, exit is a normal process for VCs to profit from

its investment in the firm (Bascha and Walz, 2001; Cumming et al., 2006; Cumming

and MacIntosh, 2003; Giot and Schwienbacher, 2007; Wang et al., 2022). However,

in the presence of fraud, the interpretation of an exit is different. According to attri-

bution theory, humans have natural tendencies to attribute successes and failures to

individuals’ actions, even when the actual causes are beyond the individuals’ control

(Heider, 1958; Kelley, 1973; Mitchell, 1982). It has been shown that shareholders will

attribute negative outcome to the endorsing VC and the belief that the endorsing VC

is sending false signals about the underlying company (Gomulya et al., 2019), at least

when VCs failed to get away before the exposure of fraud.
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VCs that got away and exited before the exposure of fraud avoid risk in stock value

decrease (Pritchard and Ferris, 2001) or delisting of the underlying firm, regardless

of whether they intended to get away prior to the exposure. Because of the attribu-

tion tendencies of shareholders, the VC’s early exit will be interpreted as due to the

VC’s innate high quality, such as their superior judgment capability or them being

resourceful in terms of regulation (Huang et al., 2021; Peterson and Wu, 2021). As a

result, the interpretation of exit becomes a negative signal (Myers and Majluf, 1984;

Perkins and Hendry, 2005) sent by the VC firm on the underlying fraudulent firm, a

signal that is eventually confirmed upon the change in the singling environment in

which the fraud is exposed to the public. This will lead to increases in VC reputation

for sending timely and correct signals, though the negative signals sent by VC firms

are usually unintended (Connelly et al., 2011).

Hypothesis 1 (H1): After the exposure of fraud in a portfolio company, VCs that success-

fully got away before the fraud exposure experience reputation increases, as compared to other

VCs that failed to get away.

Venture capital firms often syndicate their investment with other VCs (Dimov and

Milanov, 2010; Gompers, 1996; Hochberg et al., 2007; Tian, 2012; Wright and Lock-

ett, 2003). Syndication facilitates the sharing of information, contacts, and resources

among VCs (Bygrave, 1988), which increase a VC firm’s capability to add value to

their portfolio companies (Hochberg et al., 2007). In addition, syndication enables

VCs to share section- or location-specific expertise (Sorenson and Stuart, 2001) and fa-

cilitates collaborative screening in high-risk investment opportunities (Wilson, 1968).

By sending out invitations to co-invest in promising deals with the expectation of fu-

ture reciprocity (Lerner, 1994), VCs also increase their deal flow quality (Hochberg
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et al., 2007).

When syndication occurs, the presence of shared ownership among VCs gives rise

to the need for coordination and managing the alliance members in the syndication

(Geringer and Hebert, 1989; Steensma and Lyles, 2000). As a result, one investor usu-

ally takes the role of lead VC and has significant control over the decisions of the firm

and more actively monitors the company on board (Gompers, 1996). In recognition

of its efforts, the lead VC has the largest equity stake, reflecting its role, and return,

while the non-lead VCs have comparatively smaller equity stakes (Das and Teng,

1998; Wright and Lockett, 2003). As compared to non-lead VCs, the lead VC also has

the most information from participating in management decisions of the firm (Wright

and Lockett, 2003).

Due to the different levels of involvement and information available to lead and

non-lead VCs, when underlying fraud is exposed, the effect of shareholders attribut-

ing the getaway to superior VC judgement capability could be different for lead and

non-lead VCs. As the lead VC usually has an information advantage that non-lead

VCs do not have (Wright and Lockett, 2003), it is possible that this effect is larger

when shareholders attribute the getaway to the superior judgment of non-lead VCs

because of their successful getaways despite the informational disadvantage of the

non-lead VCs, as compared to lead VCs.

However, we reason the opposite, that the attribution effect is larger for lead VCs

instead of non-lead VCs. This can be understood by two reasons. First, the larger

ownership and higher levels of involvement in management of lead VCs suggest that

the selling decisions of lead VCs are more well informed (Lin and Smith, 1998). Sec-

ond, as compared to non-lead VCs, lead VCs are more apt to hold shares in the un-

derlying firm both at the time of IPO and post-IPO (Krishnan et al., 2011). These two
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reasons illustrate the tendency, as well as the less informed nature, of non-lead VCs’

exits after the underlying firm’s IPO. As a result, the shareholders may interpret the

getaways of non-lead VCs as a less credible signal of their superior judgment. Thus,

the effect on VC reputation upon fraud exposure is larger for lead VCs than non-lead

VCs.

Hypothesis 2 (H2): The positive effect on reputation will be stronger if the VC firm is the

lead VC.

While the shareholders could attribute the successful getaways to the VC’s innate

higher judgment capability, another mechanism is to attribute the successful getaway

to the VC being institutionally resourceful with, for example, government ties (and

regulatory departments in particular), which could lead to the VC firm having early

information advantages (Krug and Hendrischke, 2008; Zhou and Poppo, 2010) on up-

coming fraud investigations. Such VCs might reduce their holdings in the underlying

firm before the exposure of fraud.

It has been well documented that government ties, together with business-to-

business ties, consist of “Guanxi”, an important type of informal institutional setting

especially in greater China (Li et al., 2009; Luo et al., 2012). Firms must strive to gain

advantageous access to government-controlled resources such as business licenses

(Sun et al., 2010) and knowledge about regulations and policies (Child and Tse, 2001).

These resources are especially critical due to the inadequate and ambiguous insti-

tutions and regulations inherent in the Chinese economy (Krug and Hendrischke,

2008; Zhou and Poppo, 2010) occurring as a result of rapid marketization. Business

variables, such as government ties, have been shown to have a profound and positive

impact on firm performance, as measured by metrics such as efficiency and growth
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(Li et al., 2016; Luo and Chen, 1997; Park and Luo, 2001).

Upon the exposure of fraud, the effectiveness of the getaway as a signal can be

enhanced by a VC’s other signals. These signals send private information on the re-

sourcefulness of the VC, because signal effectiveness can be strengthened with repet-

itive signaling, or increased signal frequency (Janney and Folta, 2003, 2006; Park and

Mezias, 2005), especially if they convey the same message (Balboa and Martí, 2007).

Since firms often use the characteristics of top management teams or boards to sig-

nal the firm’s legitimacy (Certo, 2003; Lester et al., 2006), VCs with a senior member

having prior experience in the public sector could signal their resourcefulness, which

verifies the signaling effect of the VC getaway.

Because VCs with senior members previously in the public sector have the afore-

mentioned signal, the successful getaway of a VC with prior experience in the public

sector will have a larger signaling effect on the VC’s resourcefulness and lead to a

greater reputation increase upon the exposure of a fraud, as compared to other VCs.

Hypothesis 3 (H3): The positive effect on reputation will be weaker if the VC firm does not

have existing government ties.

3.3 Method

3.3.1 Dataset

We collected four databases from official sources, both public and proprietary, to test

our hypotheses.

Public Company Dataset
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First, we obtained data from all public companies that are listed in Shanghai or

Shenzhen. We identified 220 total announcements that the China Securities Regula-

tory Commission (CSRC) were investigating a public company for fraud, involving a

total of 220 public companies. Of all institutional shareholders, we identified a total

of 456 limited liability companies (LLCs), which is the dominant investment vehi-

cle structure of VC investments in the 220 public companies indicated above. Since

multiple LLCs can belong to the same VC, we identified a total of 261 distinct VC in-

vestors whose portfolio companies have ever been investigated. This was done based

on the incorporation dataset introduced below, which provides ownership structure

information.

The dataset also contains quarterly information on major shareholders, includ-

ing legal name and number of shares owned at the time, which enables us to assess

changes made across time by each major shareholder. According to information dis-

closure rules in Chinese exchanges, public companies must disclose their top ten

major shareholders, so we may track the position changes of most major sharehold-

ers. It is possible that, when a major shareholder reduces their position in a public

firm, they fall below the criteria of a top ten major shareholder, which results in the

absence of the shareholder’s legal name in the next shareholder disclosure. In this

case, we do not have information on the actual number of shares the shareholder has.

However, we do know the minimal number of shares required to be classified as a top

ten shareholders in the next quarter. In such cases, we adopt the most conservative

measure on the number of shares sold by the absent shareholder in the next quarter,

assuming that this shareholder was reduced to the same number of shares as the min-

imum shareholder in the next quarter.
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Incorporation Dataset

We also obtained an incorporation dataset to map ownership relationships between

LLCs and VCs. This is a unique dataset in China, since every company’s incorpora-

tion and shareholder structure data—including basic information, such as registered

capital, each shareholder’s legal name, as well as the voluntary disclosure of percent

of shares owned—have been made public by the National Enterprise Credit Infor-

mation Publicity System in China since 2014. This dataset also contains information

before 2014 and documents all changes in history, so it provides complete owner-

ship structure information for each of the 456 LLCs identified in the public company

dataset.

Since (1) VC brand names can be distinct from the full legal name of the fund under

management of the VC and (2) the fund name, as the parent company of the LLC in-

vestment vehicles, can also be distinct from the LLC names, we manually mapped all

456 LLCs using their ownership structures to identify the VCs behind each LLC. This

resulted in a total of 261 VCs that have at least one portfolio company which has been

investigated by the CSRC after their IPO. We also used the incorporation dataset, es-

pecially the registered capital information, to approximate fund size and total assets

under management for any given VC.

Asset Management and Association of China database

The Asset Management and Association of China (AMAC) is an organization that

regulates the private equity market. Since it is not legal for a firm to raise funds from

the public without a license and registration with the AMAC, the AMAC dataset is

the most well-documented, complete, and official channel for obtaining VC manager

information. This information includes the number of funds, name, start time, reg-
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istered capital, and status of each fund under VC management. We use this dataset

to identify the legal name of the funds associated with the 261 VCs, as well as to esti-

mate each VC’s funds and assets under management. We also obtained resume data

for each member of the VC’s top management team from this dataset. We asked if the

VC has members that have worked in the government before to decide if the VC has

government ties.

Venture Capital Investment Database

We obtained VC investment information at the deal level from a proprietary dataset

provider, 36kr. This dataset contains all information on most startups in China until

April 2018, including basic information for each company as well as funding sched-

ules, investment phases, investor names and amounts invested. We were able to iden-

tify a total of 9,020 deals, involving 7,565 startup companies, that were made by the

261 VCs involved in fraud investigations.

3.3.2 Experimental Setup

Dependent variable

Following prior literature, we used the LPJ index as a measurement of VC reputa-

tion. This index was originally developed by Lee, Pollock and Jin (Lee et al., 2011) and

has been widely used in subsequent studies (Cox Pahnke et al., 2015; Gomulya et al.,

2019; Hallen and Pahnke, 2016; Lee et al., 2011; Park and Steensma, 2013; Petkova

et al., 2014; Pollock et al., 2015). The LPJ index offers an advantage as a multi-component

measure, enabling us to closely approximate the actual value of a VC’s reputation and

reduce variance in measurement errors when comparing with single-component in-

dicators used in prior work (Brown, 2015; Hinkin, 1995; Worthington and Whittaker,
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2006). These single-component indicators are more prone to bias and random varia-

tions.

The construction of the LPJ index for a specific VC includes five components: (1)

the average number of startups the VC invested in over the past five years, or Number

of companies, (2) the average amount of total capital invested in startups over the past

5 years, or Investment Amount, (3) the average number of IPOs brought to the public

by the VC over the past 5 years, or Number of IPOs, (4) the average asset under VC

management over the past 5 years, or AUM, (5) the average number of funds under

VC management over the past 5 years, or FUM.

We constructed the Number of companies, Investment Amount, as well as the Number

of IPOs from the venture capital investment dataset, in which we previously identified

a total of 7,565 startups invested by the 261 VCs who have had at least one portfolio

company that was investigated by the CSRC. We also constructed AUM and FUM

independently from the incorporation dataset and the AMAC data, so that we ob-

tained two independent sets of metrics to use as a robustness check. We calculated

each of the five components for each VC at each month based on a rolling window of

size, equal to five years. The average number of all previous months was used if there

were fewer than five years of data available. We then computed the z-score for each

component and aggregated all five components together before converting them onto

a 100-point scale. The resulting number is the final value of the reputation index of a

specific VC i at month t, denoted LPJit. This construction process gives a value iden-

tical to the original LPJ index, except that, similar to prior research (Gomulya et al.,

2019), we excluded VC firm age in their index calculation because the firm age can

only increase homogeneously if the VC firm does not fail. We also did not convert the

data into a comparable across-time format by centering the data for each month, since
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we have included time-fixed effects. This is a more controlled way of eliminating sys-

tematic variances within each year.

Treatment and Control Groups

For the 261 VCs that had at least one investigation by CSRC into a portfolio com-

pany, we computed a dummy variable, getawayit, for each investigation for VC i. The

dummy variable is zero until the VC successfully gets away from an investigation into

any portfolio companies for the first time, so that if the get away occurred at month t,

then the values of the dummy variable after month t are all 1.

We defined a successful get-away based on the reduced position of a VC before any

fraud investigations started. If the VC reduced at least 50% of all shares that it had at

the time of the portfolio firm’s IPO, before an investigation was announced, then the

VC is considered to have successfully gotten away from this investigation. Usually,

the returns a VC makes from a successful IPO are higher than 100%, so reducing at

least 50% of the VC’s position would indicate that the VC’s overall return from the

investment in the IPO firm is positive, even if all remaining shares were worthless.

Based on this definition, we identified 83 VCs that had successful get-aways out of the

total of 261 VCs, with the remaining 178 VCs never having succeeded in getting away.

We used the 83 VCs that had had at least one successful get-away as the treatment

group, and the remaining 178 VCs as the control group.

The CSRC investigation announcement

We use the time at which a CSRC investigation was announced as the time of ini-

tial exposure of fraud. This is an ideal exogenous shock since the CSRC investigation

announcement is usually unexpected by the market. Furthermore, the possibility of

getting investigated is not uniformly distributed across time, which makes the inves-
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tigation time more challenging to predict. We can verify the exogeneity based on the

stock price: if the market expects the investigation to happen in the future, the stock

price would start to drop before the investigation was announced. Although the in-

vestigation by the CSRC may not conclude that the firm is fraudulent, it is extremely

rare that, after investigation, the firm turns out to be absolved, which translates into a

high correlation between the announcement and fraud exposure. In fact, we find that

CSRC investigation announcements usually cause the targeted public firms to enter

into a long period of stock price decline. Most of the time, the firms do not recover

from the shock.

Using the CSRC investigation announcement date from the public company dataset,

we constructed a variable, postit, indicating whether the fraud had been exposed

at month t for VC i. This dummy variable is 1 if the CSRC announcement has been

made for any of the portfolio companies of VC i at month t, and 0 otherwise.

Model Specification

We constructed an unbalanced panel dataset consisting of 18,685 observations,

which includes monthly data for 261 VCs from Jan 2000 to April 2018. Since most

of the VCs in the Chinese market were formed in the past decade, each VC starts from

its initial founding month or Jan 2000, whichever is the most recent. Our main result

is shown by the following equation:

LPJit = α× getawayi + β × postit + δ × postit × getawayi + ρt + γi +Xi (3.1)

where LPJit denotes reputation for VC i at time t, getawayi denotes whether the VC

successfully reduced its position before the first investigation into its portfolio com-

panies started, and postit denotes whether the announcement already happened at
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month t for VC i, so that different VCs can have different months when they first ex-

perienced an investigation into their portfolio companies. The interaction between

postit and getawayi represents the treatment effect of announcing the investigation

on the reputation of those VCs that successfully got away before the announcement.

We include time fixed effects ρt to control for the macro trend at time t as well as VC-

individual fixed effects to control for individual invariant variables such as VC size,

judgment quality, and existing resource. Xi is a vector of covariances we include to

control for time and individual varying variables such as VC age, VCageit. For hy-

pothesis 2, we constructed a dummy variable, leadi, to indicate whether the VC was

the lead VC in the portfolio company under investigation from the shareholders data

in public company dataset. If, at the time of IPO, the VC has the largest number of

shares, then leadi is set to 1, and otherwise 0. For hypothesis 3, we constructed an-

other variable, the VC government tie, GovTiei, from the AMAC dataset (which con-

tains resume information of the top management team of each VC). GovTiei equals 1

if the VC has previous working experience in the government, and is 0 otherwise. We

then implemented a triple diff to test for hypothesis 2:

LPJit = δ × postit × getawayi × leadi + α1 × getawayi × leadi (3.2)

+α2 × postit × getawayi + α3 × postit × leadi + ϵ1 × postit

+ϵ2 × getawayi + ϵ3 × leadi + ρt + γi +Xi

(3.3)

where the triple interaction postit × getawayi × leadi represents the net change in

the effect in (1) for the VCs that are lead VCs in the portfolio companies which were
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investigated. For hypothesis 3,

LPJit = δ × postit × getawayi × GovTiei + α1 × getawayi × GovTiei

+α2 × postit × getawayi + α3 × postit × GovTiei

+ϵ1 × postit + ϵ2 × getawayi + ϵ3 × GovTiei + ρt + γi +Xi

(3.4)

where the triple interaction postit × getawayi × GovTiei represents the net change

in effect in Equation (3.1) for the VCs that have government ties as compared to other

VCs that do not.

3.4 Results

To verify that the treatment and control groups are actually comparable in diff-in-diff

models, we plotted the parallel trend graph in Figure 3.1, for both the VCs that even-

tually got away and the other VCs that did not eventually get away. Since different

VCs can have different months when their portfolio companies received their first

notice of an investigation, the x-axis is the number of months relative to the CSRC in-

vestigation announcement month. Here, a positive month offset means the announce-

ment happened before, a negative month offset means the announcement happens in

the future, and 0 is the month when the investigation announcement was made. In

Figure 3.1, the red curve is the average reputation measured by LPJ index for all VCs

that successfully got away, and the blue curve is the average reputation for the VCs

that did not.

We see from the graph that, before the investigation announcement was made, the
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Figure 3.1: Parallel Trend

Table 3.1: Summary Statistics ofMain Variables

Variable Mean Std. Dev. Min Max
LPJ 0.43 3.68 -1.03 41.08
Getaway 0.41 0.49 0 1
Post 0.43 0.49 0 1
VC Age 101.37 104.95 0 1024
Government Tie 0.51 0.49 0 1
Lead VC 0.32 0.47 0 1

Total number of observations is 18,685. VC age is measured in months since founda-
tion.

Table 3.2: Correlation Table ofMain Variables

LPJ Getaway Post VC Age Government Tie Lead VC
LPJ 1.0000
Getaway 0.1186 1.0000
Post 0.1164 -0.0448 1.0000
VC Age 0.1495 -0.0974 0.1008 1.0000
Government Tie 0.1647 0.0249 -0.0396 0.1100 1.0000
Lead VC 0.0239 0.1499 -0.0442 -0.0520 -0.0735 1.0000
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Table 3.3: Main Hypothesis

(1) (2) (3) (4)
Post x Getaway 1.0017*** (0.1323) 0.5402*** (0.0848) 1.0051*** (0.1349) 0.5556*** (0.0911)
Post 0.827749*** (0.0637) -0.0335 (0.0547) 0.7926*** (0.0668) -0.0318 (0.0594)
Getaway 0.2782662*** (0.0477) -13.6370*** (0.5521) 0.0387 (0.0509) 1.9273*** (0.1796)
VC Age 0.0049*** (0.0003) 0.0142*** (0.0017)
Government Tie 0.5770*** (0.0197) 5.1990*** (0.3148)
Lead VC 0.5833*** (0.0575) -7.1476*** (0.3966)
Constant -0.2401*** (0.0313) 9.8901*** (0.5858) -1.2488*** (0.0423) -2.4386*** (0.1796)
VC FE NO YES NO YES
Time FE NO YES NO YES
N observations 18,685 18,685 16,804 16,804
Adjusted R2 0.0377 0.7413 0.1223 0.7416

Note: ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.

two groups of VC have highly similar reputations both in terms of absolute value and

in terms of variances. This finding validates that the VCs that successfully got away

were similar to the other VCs.

We report our estimation results for the main hypothesis in Table 3.3. Models 3.3-

(1) and 3.3-(2) are the results for the simple diff-in-diff, while Models 3.3-(3) and 3.3-

(4) show results after adding controls. Models 3.3-(2) and 3.3-(4) also include both

time-fixed effects and VC individual-fixed effects, and the standard errors reported

are clustered on a two-way individual-time level. Hypothesis 1 argued that, upon the

exposure of potential fraud, the VCs who got away before the exposure will have an

increase in reputation as compared to those who failed to get away. In Models 3.3-

(1) to 3.3-(4), we can see that this effect is positively significant, which results in an

increase in VC reputation of around 0.54 ∼ 0.55 points. Considering that the mean of

all VC reputations across all months is 0.406, this reputation boost can be viewed as

large in terms of magnitude as well, hence supporting the first hypothesis.

Hypothesis 2 argued that, for VCs that led the investment in the portfolio com-

pany under investigated, the effect is stronger. We report our results for Hypothesis
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Table 3.4: Lead VC

(5) (6)
Post x Getaway x Lead VC 0.5639* (0.2643) 0.4857*** (0.1897)
Post x Getaway 0.9738*** (0.1691) 0.7908*** (0.1313)
Getaway x Lead VC 0.1576 (0.1102) 3.6877*** (0.3765)
Post x Lead VC 0.1061 (0.1516) -0.4352*** (0.1203)
Post 0.3343*** (0.0766) -0.0284 (0.0595)
Getaway 0.1574* (0.0642) 2.2404 (0.2277)
Government Tie 0.6507*** (0.0197) 6.2573*** (0.3504)
VC Age 0.0046*** (0.0003) 0.0083*** (0.0019)
Lead VC 0.2798*** (0.0775) -12.4148*** (0.7007)
Constant -1.0750*** (0.0497) -2.0278*** (0.2200)
VC FE NO YES
Time FE NO YES
N observations 16,804 16,804
Adjusted R2 0.1389 0.7415

Note: ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.

2 in Table 3.4. Models 3.4-(5) and 3.4-(6) report results both with and without fixed

effects.

The triple interaction in Table 3.4 indicates a positive, significant effect for the lead

VCs, where the effect on the lead VC is 0.486 points larger than the non-lead VCs.

This is evidence in support of Hypothesis 2.

Hypothesis 3 argued that the effect on those VCs that have government ties are

stronger than the other VCs that do not. Models 3.5-(7) and 3.5-(8) in Table 3.5 reports

the triple diff-in-diff result for Hypothesis 3, both with and without individual and

time-fixed effects. We find that the effect is 0.693 points larger for those VCs who have

government ties as compared to the other VCs that do not, which provides evidence

in support of Hypothesis 3.  
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Table 3.5: Government Tie

(7) (8)
Post x Getaway x Government Tie 0.9375*** (0.2454) 0.6934*** (0.1574)
Post x Getaway 0.5615*** (0.1106) 0.4472*** (0.0771)
Getaway x Government Tie 1.0371*** (0.0963) -14.9211*** (0.8394)
Post x Government Tie 0.8000*** (0.1249) 1.1061*** (0.0812)
Post -0.0025 (0.0553) -0.6760*** (0.0588)
Getaway -0.0196 (0.0536) 2.6254*** (0.2517)
Government Tie 0.1746*** (0.0604) 11.7233*** (0.7177)
VC Age 0.0496*** (0.0003) 0.0106*** (0.0021)
Lead VC 0.2306*** (0.0517) 0.1417 (0.1836)
Constant -0.7881*** (0.0423) -2.2726*** (0.2495)
VC FE NO YES
Time FE NO YES
N observations 18,685 18,685
Adjusted R2 0.0953 0.7492

Note: ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.

3.5 Conclusion

Here, we have investigated how the reputations of VCs change after they invest in

fraudulent firms. We focused especially on how the reputation changes differed

based on whether the VCs successfully got away before fraud investigations started.

We used four comprehensive datasets from both public and proprietary sources, in-

cluding data on public companies, incorporation, industry regulation association,

as well as VC investment data. Our findings show that, upon exposure of potential

fraud, the success of a VC in having reduced its positions in the fraudulent company

before the exposure leads to a reputation increase, despite the fact that the VC failed

at delegated monitoring. We also identified mitigators: when the VC has government

ties, or when the VC is the lead VC of the fraudulent firm, then the positive effect on

their reputation is larger.

69



Our finding supplements the current literature with empirical evidence of a poten-

tially sub-optimal market discipline outcome. While prior literature has shown that,

when VCs invest in fraudulent firms, the market punishes the VCs by decreasing their

reputation (Gomulya et al., 2019; Tian et al., 2016), we have identified a case in which,

illustrating more complicated agency problems between the VC, entrepreneur, and

the LP, the punishment may be heterogenous—or even reversed.
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4
The Kill Zone Effect: Evidence from

Venture Capital Investment

4.1 Introduction

The “Kill Zone” effect is a phenomenon in which digital platforms gain market power,

distort competition, and slow down innovation. Albert Wenger, a managing partner

at Union Square Ventures and an early investor in Twitter, recently declared that “the

Kill Zone is a real thing. The scale of these digital platforms and their impact on what

can be funded and what can succeed is massive” (Kamepalli et al., 2020). A specific

concern of Kill Zones is that digital platforms might acquire potential competitors,

deter market entry, and, as a result, slow down innovation. These factors are believed

to motivate monopolistic incumbents to continue innovating.
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Prior studies demonstrating the existence of the Kill Zone used acquisitions larger

than 500 M USD in value to define market-entry events by incumbents. Here, we in-

vestigated whether the Kill Zone effect is limited to market-entry events of this size.

Indeed, while an acquisition larger than 500 M USD constitutes a large deal even for

tech giants like Facebook and Google, such deals happen infrequently. Most acquisi-

tions in the digital platform industry involve successful startups and venture capital

firms in earlier, exploratory phases. We specifically asked if the Kill Zone also exists

in corporate venture capital, a context that would extend the generality of this effect.

Corporate venture capital (CVC) is the practice of incumbents of taking a minority

equity stake in privately held entrepreneurial ventures (Gompers and Lerner, 1998).

The growing importance of CVC is evidenced by its all-time high deal flow. Accord-

ing to CB Insights, global CVC activity was at an all-time high in 2018, with 2,740

deals worth USD 53 B. This deal flow represents a 37% increase in deals completed,

and a 47% increase in total capital invested, over 2017.

The search for complementary assets between a CVC investor and an investee has

been proven to be an important motivating factor in forming a CVC relationship

(Colombo et al., 2006). Both investor and investee firms benefit from CVC funding

when one of them has complementary assets (Gompers and Lerner, 2000; Park and

Steensma, 2012). In a case of complementarity between technology and resources,

companies can leverage their current resources, such as their distribution channel, to

provide better products or services. Prior work has shown that companies use CVC to

create firm value through greater innovation (Dushnitsky and Lenox, 2006).

Prior work has also shown that, if the CVC parent company and the investee firm

are in the same industry, the investment amount is typically less due to imitation con-

cerns (Dushnitsky and Shaver, 2009). For digital platforms, investing in one company
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is enough to demonstrate its interest in the investee’s industry. Although digital plat-

form incumbents may not be anti-competitive at the time of their investment, their

investment could deter entrepreneurs and prospective investors from entering the

market. Entrepreneurs and prospective investors may view the incumbents as having

what is needed to promote anti-competitive activity, and may wish to avoid a sce-

nario in which they directly compete with the incumbents.

In this study, to examine the existence of Kill Zone beyond large tech acquisition

deals, we used a lower threshold to define a market-entry event. In particular, we

defined the first investment in an industry, for which the invested amount is larger

than 100 M RMB, as the entry point of an incumbent firm. We focused specifically on

two large Chinese tech firms, Alibaba and Tencent. We also leveraged the fact that,

in China, monopolistic digital platforms have not been regulated until recently. This

provides an ideal setting for investigating the market power of incumbents, espe-

cially their impact on investments and entry trends in related industries. We found

evidence suggesting the existence of a Kill Zone in CVC investment as well, which

broadens the scope of this effect beyond mergers and acquisitions. More specifically,

we found a significant slowdown in entry and venture capital investments after a

CVC investment by one of the two major conglomerates in the same sector.

Our work contributes to the literature in several ways. First, this is the first empir-

ical study, to our knowledge, providing evidence in support of the Kill Zone effect

(Kamepalli et al., 2020) in the context of CVC, which broadens our understanding of

the scope and implications of this effect. Second, we contribute to the CVC literature

by linking CVC investments with their impact beyond the border of investor and in-

vestee firms, by studying how CVC investments could deter entry and slow down

startup financing in the same sector. Lastly, our results may inform how practitioners
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and decision-makers think about antitrust law and practice.

4.2 Background

The landscape of Chinese tech giants

There are two generations of tech giants in China, segregated by their time of found-

ing. Founded around 2000 during the first internet era, Baidu, Alibaba, and Tencent—

usually referred to together as BAT—are the three largest tech companies in China.

Baidu started out as the go-to search engine in China, but has since become the small-

est of the three giants in terms of size, revenue, and influence. It is currently valued at

$78 B USD, as compared to Alibaba at $470 B USD and Tencent at $504 B USD. Com-

pared to Baidu, Alibaba and Tencent also have broader business scopes. Tencent’s

main business is social media and gaming. Known for creating WeChat, Tencent is

the largest gaming company in the world: 60% of all time on mobile spent in China is

spent on Tencent’s products. Alibaba sells more merchandise in China than do Ama-

zon and eBay in the rest of the world combined. Alibaba is also the owner of Alipay,

which serves as China’s PayPal and doubles as the world’s largest digital bank (as of

June 2019).

Other than BAT, the newer-generation tech giants in China have been referred to

as TMD. TMD stands for Toutiao, Meituan, and Didi. Toutiao is the precedent of

ByteDance, which is the owner of Tiktok. Bytedance, known as the “app factory” of

China, owns several media platforms and has more than 1.9 B users globally. Meituan

is the leading shopping platform for consumer products and retail services, including

food delivery and restaurant reviews, and has 0.7 B users in China. Didi is the equiv-

alent of Uber in China.
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Why we chose Alibaba and Tencent in this study

We chose Alibaba and Tencent in this study because of two reasons. First, the dataset

was collected from 2012 to 2018. During this period, the newer generation of tech gi-

ants, including Bytedance, Meituan and Didi, were still in the startup phase. All three

of them were founded between 2010 to 2012; consequently, none of them were ac-

tively seeking new growth through diversifying their businesses with CVC invest-

ment. In contrast, Alibaba and Tencent are both public companies that were founded

before 2000, and were seeking to grow beyond their main businesses after almost a

decade of expansion from 2012 to 2018. This resulted in a unique period of time in

which Alibaba and Tencent intensely invested in other industries.

Second, as the only two dominant tech giants in China for more than a decade,

Alibaba and Tencent competed in similar industries and were known for their ad-

versarial relationship. For instance, the two competed in the mobile payments space,

and they created the top two payment systems in China. This competition extended

into CVC as well. After investing in a firm, Alibaba and Tencent sometimes integrated

the firms’ products into their respective ecosystems. An example of this is Qufenqi,

a lending platform providing installment payment options to consumers, which Al-

ibaba’s financial arm, the Ant Group, invested in and subsequently integrated into

Alipay. For Alibaba and Tencent, the move to integrate their portfolio companies’

products into their platforms often resulted in greater exposure. This exposure goes

beyond the scope of financial investment, and may often be considered as entries into

the portfolio companies’ industries by Alibaba and Tencent.
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4.3 Theory

Previous studies have investigated how large incumbents’ mergers and acquisitions

can create a Kill Zone (Kamepalli et al., 2020), whose effects on innovation extend be-

yond the acquirer itself (Cloodt et al., 2006; Cunningham et al., 2021; Seru, 2014). Al-

though the market typically encourages innovation in small firms by enabling larger

firms to outsource research and development (R&D), larger firms often have lower

incentives to innovate and might prefer acquiring innovative small firms (Fang et al.,

2021; Phillips and Zhdanov, 2013; Zhu, 2019; Zhu et al., 2021; Zhu and Liu, 2018).

Firms that are acquired in diversifying mergers tend to reduce the scale and novelty

of their R&D activities due to the acquirers’ centralized natures (Seru, 2014; Zhao,

2009). Acquired firms are also more likely to be shut down or not further developed

into a competing threat after the acquisition, especially when they overlap with the

acquirers’ existing businesses (Cloodt et al., 2006; Cunningham et al., 2021). For in-

stance, it has been shown that app developers on Android reduced innovation and

raised prices while threatened by Google’s entry into their market (Wen and Zhu,

2019), as an attempt to “milk value” before Google’s entry. More recently, the concept

of a “Kill Zone” has been introduced and evidenced to exist, where platform acqui-

sitions reduce venture capital investments in startups in the same sector (Kamepalli

et al., 2020).

It is, however, not clear if a Kill Zone exists in the context of CVC. In contrast to

mergers and acquisitions, CVC is a tool for partial equity acquisition (Gompers et al.,

1998). It also gives the investing firm partial control of smaller, innovative compa-

nies, and serves as a tool to gain access to new technologies (Ceccagnoli et al., 2018).

While research has generally shown that CVC has positive impacts on both the invest-
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ing and investee firms’ innovation (Chemmanur et al., 2014; Dushnitsky and Lenox,

2005a; Keil et al., 2008; Wadhwa and Kotha, 2006)—an effect mediated by having

access to the startups’ resources, know-how, and information (Basu et al., 2011; Dush-

nitsky and Lenox, 2006)—it remains unclear as to how CVC investments have broader

impacts beyond investor-investee pairs.

Although being in a CVC relationship cannot guarantee total control over a startup,

the investors’ influence on the startup is significant. First, upon investment, corpo-

rate investors usually obtain either a board seat or board observer rights (Chemmanur

et al., 2014). Second, the lead investor typically requests veto rights (Cumming and

binti Johan, 2008; McCarty, 2000; McCulloch, 2018). Third, there is a threat of not

having access to potentially shared resources from the investor firms, such as access

to the market, human capital, and a knowledge base (Basu et al., 2011; Dushnitsky

and Lenox, 2006). As a result, investor firms both influence their investees in a com-

plex manner and foray into new technologies and markets (Gompers et al., 1998).

Therefore, while mergers and acquisitions are typically perceived as entries by in-

cumbents due to the acquirer’s total control of the acquired firm, CVC investments

could also be perceived as a type of market entry—that is, an option of future entry,

mediated by the investor’s influence over the investee firm. Like mergers and acqui-

sitions, this may create an effect on new entries and investments similar to the Kill

Zone.

Hypothesis 1a (H1-a): After CVC investment from a conglomerate in a certain industry,

venture capital investments will slow down significantly in the same sector.

Hypothesis 1b (H1-b): After CVC investment from a conglomerate in a certain industry,

entry will slow down significantly in the same sector.
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4.4 Data

We collected data from a leading platform that connects investors to companies in

China. The platform originated as a media company, and has well-documented in-

formation relevant to a large fraction of companies in the market, from startups to

large public companies like Alibaba. Our dataset included 116,405 Chinese compa-

nies and each company’s investment history, including the timing of each investment,

the amount invested, and the investor names. The majority of all investments fell be-

tween 2013 and 2018.

We collected our dataset manually from both public and private sources. The pub-

lic sources included investment news and information disclosed to company share-

holders. The private sources included interviews with company founders and man-

agement teams. Of the total 116,405 companies documented in the dataset, 37,232

companies had documented funding records in the dataset. The remaining 79,173

companies either never received funding, or their investors’ names are unknown. Af-

ter converting the dataset from the company level to the investment-deal level, we

found a total of 60,792 documented investment events, corresponding to the 37,232

companies that had received some form of documented funding. The average num-

ber of funding rounds was 1.63 for companies that had at least one round of invest-

ment. A total of 390 variables were included in the dataset, including the legal name

of each company, tags that indicated the categories of its main business, descriptions

of its products, the backgrounds of its founders, the number of rounds of fundraising

it had undertaken, and associated details, such as the names of the investors in each

round of investment, the time of the investment, the amount of money raised, and the

valuation of the company (when applicable).
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We categorized the companies according to a list of identifiers present in the dataset.

For each company, the identifiers ranged from broad to narrow and defined the in-

dustry (e.g., consumer goods), sub-industry (e.g., cosmetics or men’s apparel), and

types of products sold. Product information was manually collected and edited.

Taken together, this dataset offers well-documented information on companies across

different business stages, from startups to publicly traded companies. To our knowl-

edge, this dataset represents one of the most complete sources of investment data on

Chinese startups.

4.5 Method

We defined “major investments” as investments of over 100 million RMB. Of the

60,792 investments in our dataset, we identified 334 investments in 169 companies

as having been made by Alibaba, and a total of 613 investments in 270 companies as

having been made by Tencent. Out of all the Alibaba and Tencent investments, only

12 companies were invested in by both Alibaba and Tencent. Alibaba has 99 major in-

vestments in 39 companies, and Tencent has 140 major investments in 49 companies.

For each industry, we defined two important time points: the time of the first ma-

jor investment by Alibaba, and the time of the first major investment by Tencent. We

then plotted their new investments for each month, and the new investments in the

industry for each month.

We empirically measured the size of the kill zone effect by Alibaba and Tencent
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with the following Equation (4.1) for the number of their investments:

ln(Investit) = PostAliit + PostTencit + βt+ PostAliit × t+ PostTencit × t+ δt + γi + ϵit

(4.1)

For the number of new companies entering the market, or number of entries, we used

the following equation:

ln(Entryit) = PostAliit + PostTencit + βt+ PostAliit × t+ PostTencit × t+ δt + γi + ϵit

(4.2)

We constructed an industry-month panel dataset that had two variables: (1) the num-

ber of investments made and (2) the number of entries in a specific industry, i, in that

month, which we denoted by t. We implemented an Ordinary Least Squares method

(OLS) with two dummy variables, where PostAliit indicates whether Alibaba invested

in industry i at month t, and PostTencit indicates whether Tencent invested in indus-

try i at month t. After Alibaba’s or Tencent’s investment, the dummy variable is one;

otherwise, it is zero. We included a per-month variable, t, to control for the general

trend over time. Importantly, we included two interaction variables, PostTencit × t

and PostAliit × t, to measure the general effect of Tencent and Alibaba on investments

or entry trends in the market. We also included time- and industry-specific effects in

our regression.

4.6 Results

In the final panel dataset, we collected 936 observations at the industry-month level.

There were 14 industries, and the dataset contained information spanning over 69
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Table 4.1: Summary Statistics ofMain Variables

Variable Mean Std. Dev. Min Max
Entry 2.33 1.06 0 4.84
Investment 2.35 0.89 221 4.37
PostAli 0.537 0.50 0 1
PostTenc 0.598 0.49 0 1
Month 35.66 19.73 1 69

Note: Total number of observations is 936.

Table 4.2: Correlation Table ofMain Variables

Entry Investment PostAli PostTenc Month
Entry 1.0000
Investment 0.3680 1.0000
PostAli -0.1828 0.4766 1.0000
PostTenc -0.2648 0.3686 0.5685 1.0000
Month -0.4103 0.4331 0.7351 0.6066 1.0000

Note: Total number of observations is 936.

months, on average, across the 14 industries. There were 2.33 monthly entries and

2.35 monthly investments on average per industry. For the number of entries, each

company, regardless of its funding status, is included. There was no lower thresh-

old for the investment amount needed to count as an investment: all investments of

any amount were included in the number of investments. PostAli and PostTenc de-

note two dummy variables that indicate if the industry has already been invested in

by Alibaba or Tencent at the month of interest. Month is indicated by the number of

months since the earliest month of data collection for this dataset—July 2012. Table

4.1 lists summary statistics of the main variables, and Table 4.2 shows corresponding

correlations.
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In Figure 4.1 and Figure 4.2, the red line represents Tencent’s investment time, and

the green line represents Alibaba’s investment time in the corresponding industry.

We plotted the number of entries over time in Figure 4.1. As can be seen in this figure,

for each of the six industries in the dataset, the total number of entries each month

dropped dramatically after Alibaba’s and Tencent’s investments in that industry. A

typical example is shown in Figure 4.1, panel F, which indicates that, after Tencent

invested in Kuaishou, one of the two major short video companies in China, in 2016,

the new companies that entered the short video market dramatically decreased. The

same trend is seen in the five other industries. In Figure 4.2, we plotted the number of

investments over time, with the same color indicating the two incumbents’ investment

times. As shown in Figure 4.2, panel D, for the food delivery industry, after Tencent’s

and Alibaba’s investments in Ele.me—one of the two major food delivery companies

in China—the monthly number of investment deals decreased dramatically. The same

trend was seen in the mobile game industry. For the four other industries, we found

that the investment trend stalled dramatically after the two incumbents’ investments.

We note here that, for each industry, the months in which the number of market

entries or the number of investments are highest over time are different. The times

of the investments made by Alibaba and Tencent are also different, suggesting that

the decreasing trends shown in the Figures do not arise from other concurrent macro

events. This supports the correlation between Tencent’s and Alibaba’s investments

with decreases in the numbers of new market entries.

Table 4.1 shows the main results of our regression. We found that the monthly in-

vestment and entry trends—corresponding to the two interactions between the post-

investment dummy variables (PostAli and PostTenc) and the monthly time variable

t—are significantly negatively correlated, suggesting that the incumbents that in-
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vested in the industries negatively altered the general investment or entry trends in

each industry. The growth rates after the incumbents’ investments significantly de-

creased. The effect of Tencent’s investments on the industry’s monthly growth of new

investments was -94.2%, a decrease of 3.32% from 3.52% monthly growth, and the

effect of Alibaba’s investment on the industry’s monthly growth of new investments

was -80.3%, both of which are very large. The effects of Tencent’s and Alibaba’s in-

vestments on the monthly number of new companies is trend-reversing at -243.37%

and -339.46%, respectively, thus changing the overall growth trend from positive to

negative. These findings provide further evidence of the negative effects of Alibaba’s

and Tencent’s investments across different industries on entry and investment activ-

ity.

4.7 Conclusions and Future Work

In summary, we have used, to our knowledge, the most comprehensive dataset on

Chinese startups to present evidence of the Kill Zone effect in CVC investments and

acquisitions. Prior literature (Kamepalli et al., 2020) has shown that the Kill Zone ef-

fect can arise from large acquisitions. Complementing this work, we have shown that

the Kill Zone effect may be more prevalent than previously believed. Our findings

relate CVC investments to the growing concern that increasing the market power of

digital platforms can allow digital platforms to manipulate what could be funded and

what could succeed across different industries.

In order to improve the quality of the data used in analyses similar to the present

study, we anticipate future work to collect more information on the intention of every

CVC investment. Such information might contain, for example, (1) if the investment
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was made for financial or strategic reasons, and (2) if the CVC was the lead investor in

the same round of financing. It would be intriguing to determine whether there exist

differences in these two types of signals in deterring market entry and new startup

investments. Furthermore, more detailed studies on different sub-categories of in-

vestee firms and entries and investments in the same sector may shed light on poten-

tial industry-specific effects and variations in the Kill Zone across industries.

4.8 Managerial Implications

In the present study, we have provided evidence supporting the generality of the Kill

Zone effect. This finding may inform both firms and policymakers. For firms, the im-

plications of our study may be varied. For those focused on innovation, our study

suggests that, when there is fierce competition, it may be possible to leverage invest-

ments from tech giants to deter and outcompete other firms in the market. This is

because receiving investments from tech giants can adversely affect not only the num-

ber of new entrants and potential competitors to the market, but also reduce the mar-

ket’s investment activity. Such a negative effect may work against current competitors

on their next rounds of financing. For larger firms who are not tech giants, it may be

possible to leverage the Kill Zone effect once CVC investment occurs in an industry

that they may diversify into. If tech giants have already invested in a company, the

Kill Zone effect might leave other firms at a disadvantage. This could be an opportu-

nity for other larger firms to consolidate smaller firms at a lower price, lowering the

bar for diversifying mergers and acquisitions.

For policymakers, our findings shed light on how monopolistic policies should

look beyond dominant positions to the hidden value of potential dominant posi-
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(A) Shared Economy (B) Cloud Computing

(C) Automobile Finance (D) Food Delivery

(E) Music (F) Short Videos

Figure 4.1: Monthly Entry Over Time

tions. Here, we have shown that, although CVC does not give total control rights of

the investee to the investor, it effectively allows the investor to exert significant influ-

ence over the investee’s industry. By creating a Kill Zone, this effect may allow tech

giants—and potentially other large firms—to consolidate and monopolize industries

that fall outside their main lines of business. Antitrust policies should preclude the

possibility of this happening.

 

 

85



(A) Movies (B) Cloud Computing

(C) Mobile Games (D) Food Delivery

(E) Music (F) Transportation

Figure 4.2: Monthly Number of Investments

Table 4.3: Main Results

(1) Entry (2) Entry (3) Investment (4) Investment
PostAli 2.38*** (0.17) 0.98*** (0.13) 1.00 *** (0.14) 0.51*** (0.13)
PostTenc 1.33*** (0.14) 1.31*** (0.10) 1.14*** (0.12) 1.07*** (0.09)
Month 0.03*** (0.003) 0.01** (0.004) 0.04*** (0.003) 0.03*** (0.004)
PostAli x Month -0.05*** (0.005) -0.03*** (0.003) -0.01*** (0.003) -0.01*** (0.003)
PostTenc x Month -0.05*** (0.004) -0.04*** (0.003) -0.03*** (0.004) -0.02*** (0.002)
Industry FE NO YES NO YES
Time FE NO YES NO YES
N observations 936 936 936 936
Adjusted R2 0.8340 0.5347 0.3539 0.8383

Note: ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01.
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A
Defining Competitive Relationships

Original Approach

In previous literature, competitor relationships were largely measured based on in-

dustry SIC or NAICS codes. Both codes have a hierarchical design. For instance, “59”

in SIC code stands for “Miscellaneous Retail”, and “596” stands for “Nonstore Retail-

ers”, which is a subcategory in Miscellaneous Retail. Within this category, Amazon’s

primary SIC code is “5961”: “Catalog and Mail-Order Houses.” When calculating

competitors, if two companies share the same leading digits, then we may expect that

they fall in the same category, with digits indicating the commonality (from broad to

narrow), as for NAICS codes.

Nevertheless, this method of comparing companies could have pitfalls due to its

hierarchical design. For instance, offline bookstores and online bookstores are in-
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SIC code NAICS code
Amazon 5961 454110

Barnes & Noble 5945 451120

herently competitors, as they both sell similar products to the same target users. (In

fact, since Amazon’s inception, Barnes and Noble is one of the few remaining large

bookstores in this market.) Yet, for various entities affiliated with Amazon’s books re-

tailers, there are no similar SIC or NAICS codes that match beyond the first two digits

with those of Barnes and Noble. This is because “retail” occupies a higher level than

“books”; we first require both entities to match on “retail” before narrowing down the

category. This requirement is seen to not provide significant information since retail

is broadly-encompassing. It is the fact that both Amazon and Barnes and Noble sell

books—a niche product—that makes them competitors.

Thus, although information is provided that both companies fall within the retail

industry, the leading digits in NAICS codes may not facilitate accurate comparisons.

Instead, this information may be counted disproportionally into defining competi-

tor relationships. This problem may be illustrated more extremely with another ex-

ample. Here, we may consider two flower shops, 1-800-Flowers and Kendall Flower

Shop, alongside Petco. According to their NAICS codes (below), all three entities are

matched to their respective third digits, representing “Miscellaneous Store Retailers

(453).” This may suggest that Kendall Flower Shop has the same competitive relation-

ship with 1-800-Flowers—an online flower delivery service—as well as with Petco, a

pet supply store.

Our Approach

In our study, we leverage the manually-labeled industry tags associated with each
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NAICS code
Petco 453910

1-800-Flowers 453220
Kendall Flower Shop 453110

Miscellaneous Store Retailers 453

company to better identify competitors. There are two main advantages of this la-

beling: (1) each company has a set of tags describing its business, such that there are

no hierarchical relationships imposing a top-down categorization, and (2) the tags

themselves encapsulate descriptions of various scales in order to provide hierarchical

information. The dataset retains broad tags such as “E-commerce” and “Platform”

but also possesses narrow tags such as “flower” and “make up” that specify the com-

pany’s product.

Leveraging these text-based tags describing each company in our dataset, we vec-

torized each company’s tags into a company-based feature space, where each dimen-

sion was weighted by the “term frequency–inverse document frequency” (tf–idf).

Then, based on each company’s vector, we calculated the similarity between the two

companies by taking the cosine of the two vectors. Finally, we classified all possible

company dyads into “competitor” or “non-competitor” based on a similarity thresh-

old.

Step 1: Calculate the tf–idf weights for each tag

“Term frequency–inverse document frequency” (tf–idf) is one of the most com-

monly used term-weighting schemes in information retrieval systems (Aizawa, 2003).

It is a metric that is the product of two components, tf and idf. “Tf,” term frequency,

provides a direct estimation of the occurrence probability of a term. Idf, inverse docu-

ment frequency, can be interpreted as “the amount of information” in information
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theory (Brookes, 1972; Wong and Yao, 1992) and is given as the log of the inverse

probability. The tf–idf, Wj(tagi), for tagi, in company j, is then (Cover and Thomas,

1991):

Wj(tagi) = TFj(tagi)× log(N/DF(tagi)),

where N is the total number of companies, TFj(tagi) is the frequency of tagi in com-

pany j, and DF(tagi) is the number of companies containing this tagi in their descrip-

tion tags.

Prior research has shown that, for a given term in a document, the tf–idf represents

the significance of the component—as expressed as a product of the probability that it

occurs and the amount of information that it represents, or the probability-weighted

amount of information (PWI) of a tag (Aizawa, 2003). By implementing this method,

we can effectively estimate the amount of information of any given tag.

Step 2: Vectorize companies based on their tags

We next calculated the tf–idf of all possible tags, and we employed a feature space

comprising 6,041 features, where each feature corresponds to one unique tag in the

dataset. We illustrate our procedure using a hypothetical example with a hypothetical

feature space.

Suppose the entire feature space contains only the dimensions indicated below:

Tags B2B B2C Female apparel Shopping guide Apparel, hats, & shoes E-commerce Platform
Dimension 1 2 3 4 5 6 7

Given this feature space, a company can be vectorized into a seven-dimensional

vector. For example, a B2B e-commerce platform, such as Alibaba.com, can be con-

verted into:

Another company, such as Mogu.com (NYSE: MOGU.US)—a B2C e-commerce
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Example 1: Alibaba, company r

Tags B2B, E-commerce, Platform
Vector without weight ( 1, 0, 0, 0, 0, 1, 1 )

v(Alibaba) ( wr(B2B), 0, 0, 0, 0, wr(E-commerce), wr( Platform ) )

platform selling female apparel, whose main product is actually a shopping guide—

would be converted into:

Example 2: Mogu (NYSE: MOGU.US), company q

Tags B2C, E-commerce, Platform, female apparel, shopping guide
Vector without weight ( 0, 1, 1, 1, 0, 1, 1 )

v(Mogu) (0, wq(B2C), wq(female apparel), wq(shopping guide), 0, wq(E-commerce), wq( Platform ) )

Here, wj(tagi) is the weight produced by the tf–idf method for tagi for company j.

Step 3: Decide competitive relationships

In keeping with the aforementioned illustrative example, after we have vectorized

all companies into this feature space of dimension 7, we can then calculate the simi-

larities between any pair of companies by calculating their cosine:

Similarity(Company1,Company2) = cos(v(Company1), v(Company2)).

The final competitive relationship is decided using a chosen threshold of 0.1:

Competitor(Company1,Company2) = I(Similarity(Company1,Company2) ≥ 0.1),

where I is an indicator function. It is convenient to use Mogu.com as an example to

illustrate typical results. The tags associated with MOGU.com are:
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Investee tag Investee Company Similarity with Mogu.com Competitor
[Female Apparel] [Consumer Brands] [Social] [Forum] [Dress Collocation] [Cosmetics] Candy la vie 0.1135678 1

[B2C] [Oversea Procurement] [E-commerce] Taoshijie 0.0666273 0
[B2C] [Female Apparel] [E-commerce] [Platform] [Cosmetics] Meilishuo 0.3761816 1

[Female Apparel] [Consumer Brands] [Social] [Forum] [Dress Collocation] [Cosmetics] Candy la vie 0.1135678 1

[B2C] [Female Apparel] [Shopping Guide] [Hat & shoes] [E-commerce] [Platform]

[Dress Collocation]

In using the procedure described above, we find the following similarity scores and

competitor relationships:

From this example, we may observe how our method can reflect competitor relationships—

as indicated by degree of similarity in businesses—accurately. In this example, al-

though Taoshijie is also an e-commerce business, it is not classified as a competitor

because it does not focus on female apparel as its niche market. This is consistent

with the notion that we desire to identify competitors who sell similar things to the

same market, regardless of the fact that they might both be designated as e-commerce

companies (indeed, e-commerce describes a distributional channel, not the final prod-

uct). We can also see that Meilishuo and Mogu are both e-commerce platforms that

sell female apparel; thus, their similarity score is the highest among the three pairs

considered.
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B
Correlation Table

Realized % Competitor Post Investee Year Founded Investor 2C Common Ownership
Realized % 1.0000
Competitor 0.0124 1.0000
Post -0.0008 -0.0037 1.0000
Investee Year Founded 0.0003 -0.0672 0.0229 1.0000
Investor 2C 0.0036 0.1621 -0.0042 -0.0001 1.0000
Common Ownership 0.0019 -0.0103 -0.0015 0.0209 -0.0023 1.0000
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