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Abstract 

 

Using unique investment-level data accounting for around 15,000 individual investments done by 

various types of investors in start-up companies over the periods from 2000 to 2014, we empirically 

detect community structures consisting of investors and start-up companies through the bipartite 

stochastic block model and examine their implications on investment performance. The detected 

community structure represented by multiple groups of investors and start-up companies suggests, 

first, large heterogeneity of each community in terms of clustered investor types but less so in terms 

of start-up companies’ industry composition. Second, we observe investment performance is higher 

when the communities are populated by clusters of VCs or non-financial companies. These results 

jointly imply the systematic concentration of specific types of investors associated with investment 

performance. 
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1. Introduction 

Start-up companies have been considered as a major source for economic growth. Thus, it has been 

also considered as an especially important policy target for the governments of developed countries 

to facilitate active business activities of those start-up companies. Specifically because financial 

constraint is one of the most crucial obstacles those start-up companies are facing, a large number of 

policy discussions and extant academic studies have been devoted to the issue on how to facilitate 

finance to start-up companies. In this context, extant literature has been intensively examining how 

the attributes of venture capital funds (VCs) affect the successfulness of the start-up companies and 

their investments.  

Although our knowledge about the mechanism and the role of such specialized financial 

institution as VCs have been largely accumulated, there still exist two important open questions we 

would like to examine. First, investors are essentially diverse. Most of start-up companies are 

typically founded by individuals and obtain financial resources from various sources including banks, 

security companies, insurance company as well as non-financial business enterprises, governmental 

institutions, and universities. In addition to those entities, individuals including angels and Employee 

Stock Ownership Plan (ESOP) are also important investors for start-up companies. Thus, it is 

important to take into account those diverse investor types for analyzing the successfulness of the 

start-up companies and their investments. 

Second, start-up companies are also diverse. While we observe many start-up companies 

in the field of information technology and communication, there also exist a large number of firms 

starting their businesses in variety of industries such as financial, business service, biotechnology, 

medical, energy, environment, and consumer products. Thus, it is quite natural to include not only 

investor heterogeneity but also the heterogeneity associated with start-up companies simultaneously 



 3 

into analyses. As far as we notice, mainly due to the limitation of data, there have been only few 

studies taking into account the abovementioned two points (i.e., heterogeneity of investor types and 

start-up companies’ industry) at the same time. 

Against this background, first, we construct a unique investment-level microdata 

accounting for around 15,000 individual investments from various types of investors such as venture 

capital firms, financial institutions, non-financial companies, founders, universities, etc., to start-up 

companies in various industries over the periods of 2000 to 2014 in Japan. Although the data 

coverage is not necessarily exhaustive for the universe of start-up companies simply because it is 

impossible to measure the activities of all the start-up companies and the investments to those 

companies through privately-placed equity investments, our dataset still accounts for a substantial 

number of firms establishing IPOs over the periods from 2004 to 2014 in Japan.  

Using this dataset, second, we employ the method used in network science to detect 

multiple communities consisting of start-up companies and investors. To be more specific, we use a 

type of stochastic block model, which model the interaction among multiple “communities” 

consisting of nodes represented for by either investors or start-up firms. The model estimates both 

the set of nodes (i.e., investors or start-up firms) and the probability of interaction (i.e., investments) 

from a set of investor nodes to a set of start-up firms by fitting the model to the actually observed 

investment pattern. Taking look at such estimated communities, we can detect what kind of investors, 

which include various types of investors, tend to invest on what kind of start-up firms in various 

industries.  

Third, in order to extract empirical implications associated with those communities, we 

test whether each community has specific features represented for by start-up companies’ industry, 

investors’ type, investment returns, and post-IPO dynamics (i.e., upgrading the listed market and 

delisting). The results of these statistical tests allow us to characterize each community in terms of 
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its composition and performance. 

Our estimation for the community detection provides 324 communities consisting of 18 

groups of start-up companies and 18 groups of investors. First, our statistical test exclusively focusing 

on the top 10 communities in terms of the total number of investments done in each community 

suggest that all the 10 communities exhibit statistically distinct heterogeneity in terms of investor 

types. This suggests the existence of clustering of specific types of investors. As an illustration, three 

communities out of the top 10 communities are detected to systematically consist of a large number 

of VCs but a small number of non-financial investors for the two among such three communities. 

Other three communities consist of a small number of VCs, and the last four communities consist of 

average number of VCs while other industries such as non-financial investors, ESOP, and/or founder 

are either over- or under-representing in those four communities. 

Regarding the industry composition of start-up companies, however, we identify only two 

out of the top 10 communities systematically consisting of a large number of companies in specific 

industries. To be more specific, one community is populated by a large number of biotechnology 

companies while another one consists of a large number of semi-conductor and energy companies 

(and a small number of start-up companies in financial industry). All the other eight communities do 

not exhibit any statistically significant features in terms of start-up firms’ industry composition. 

These findings imply that it is not apparent for each investor type to be associated with 

high industry specialization while types of investors are still clustered1. On interpretation for these 

two patterns is that investors in a same type tend to invest together but the target of their investments 

(i.e., start-up companies) are well diversified. We should note that there is still a chance for each 

individual investors such as a specific VC tends to focus on some specific industries, and thus there 

could be industry-specialization in each investor-level. Thus, our results do not preclude the 

                                                        
1 As we will mention later, there is one community systematically consisting of a large number of biotechnology 

companies and VCs (with a small number of non-financial investors). 
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possibility of each investor’s industry specialization and the accumulation of those industry expertise. 

Nonetheless, we believe that it is still informative to confirm the independence of start-up firms’ 

industry composition and investor types. 

Second, for those communities characterized above, we examine the association between 

each community and observed investment performance measured by either benchmark-adjusted 

investment return, probability of upgrading the listed market (e.g., moving up from emerging market 

to the first or second section of the Tokyo Stock Exchange (TSE)), and probability of delisting after 

IPO. Our statistical test suggests that those performance measured for a community tends to become 

better when investors in the community consist of a large number of VCs or non-financial investors. 

It is also confirmed that the community consisting of a small number of VCs tend to be associated 

with low investment return. As an exception, we also find one community consisting of a large 

number VCs and yet showing low investment return. Notably, such a community systematically 

consists of a large number of start-up companies in biotechnology industry. Given start-up companies 

in biotechnology industry are supposed to need large R&D investments and take a longer period for 

going public, it could be natural for those companies to exhibit lower return. 

The results reported above jointly imply the systematic emergence of investor communities 

in terms of investor type, and the cluster is associated with investment performance. A type of 

investors (e.g., VCs and non-financial investors) are likely to invest together and exhibit high 

performance. Such a high performance is not necessarily an artifact of start-up companies’ industry 

characteristics as there are only weak patterns of industry composition in each community. Our 

results suggest that the interaction among investors in a same type could be a source of highly 

performing investment through, for example, sourcing activities among them. 

The rest of the present paper proceeds as follows. Section 2 explains the empirical approach 

we take in the present paper. Section 3 details the data we use for our analysis. In Section 4, we show 
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empirical findings. Section 5 concludes and discusses the future research issues. 

 

2. Empirical methodology 

In this section, we briefly go over our empirical methodology. After introducing a standard notation 

used in network science, we present the method for detecting community structure and testing 

statistical patterns associated with features of each community. 

 

2.1 Notation 

Suppose there are a set of start-up firms 𝑉𝑐 ⊆ ℤ  and a set of investors 𝑉𝑏 ⊆ ℤ . The number of 

investment from investor-i to start-up firm-j is denoted by 𝑤𝑖,𝑗. Note that in the latter section, we 

employ the volume of investment instead of the number of investment to measure 𝑤𝑖,𝑗. Using 𝑤𝑖,𝑗, 

we can define 𝑏𝑖,𝑗 as 𝟏{𝑤𝑖,𝑗 > 0}, which are the elements of adjacent matrix. Each start-up firm or 

investor is denoted by a node 𝑣 , which is an element in union of 𝑉𝑐  and 𝑉𝑏 . An edge between 

investor-i and start-up firm-j is denoted by 𝑒𝑖,𝑗. Weighted adjacent matrix 𝑊 is defined as 𝑊𝑖,𝑗 =

𝑤𝑖,𝑗. Adjacent matrix 𝐵 is defined as 𝐵𝑖,𝑗 = 𝑏𝑖,𝑗. 𝐸 is a set of edges between start-up firms and 

investors. Then, we can define 𝐺 as a bipartite graph (𝑉𝑐 ∪ 𝑉𝑏 , 𝐸) of investment relation. 

 

2.2 Stochastic block model (SBM) 

In the present paper, we use Stochastic block model (SBM) proposed by Karrer and Newman (2011). 

SBM is developed to model the probability of graph 𝑮 given 𝝎 and 𝒈 where 𝒈 ≡ {𝑔𝑘} is group 

assignment for vertex 𝑘 and 𝝎 ≡ {𝜔𝑟,𝑠 } denotes E[𝑊𝑖,𝑗] for 𝑖, 𝑗 lying in group 𝑟, 𝑠. Using the 

notation we introduced, such a probability of graph 𝑮 given 𝝎 and 𝒈 is constructed as follows. 

We can estimate the 𝝎 and 𝒈 by maximizing the likelihood based on this probability. 
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 In order to apply SBM to the bipartite-graph, we rely on the method proposed in Larremore 

et al. (2014). In our estimation, 𝑤𝑖,𝑗 is considered by using degree (i.e., 𝑊𝑖,𝑗 in our data) corrected 

SBM. We set the number of groups for start-up companies and investors as 18 each, which is based 

on the method proposed by Peixoto (2015). 

 

2.3 Test for features 

To test whether each community has specific features represented by start-up companies’ industry 

composition, investors’ type, and post-IPO dynamics (i.e., upgrading and delisting), we employ a 

following set-up. First, 𝑥𝑗 ∈ {0,1} and 𝑥𝑖 ∈ {0,1} denotes a feature (i.e., industry, investor type, 

and delist) for start-up firm-j and investor-i. Using Kronecker delta 𝛿, we can construct a number of 

start-up firm-j or investor-i in group 𝑘 as follows:  

 

𝐵𝑘 = ∑ 𝛿(𝑘, 𝑔𝑖)
𝑁2

𝑖=1
 

 

Then, the number of start-up firm-j or investor-i in group 𝑘  with 𝑥𝑗 = 1  or 𝑥𝑖 = 1  can be 

expressed as follows: 

 

𝐵𝑘
(1)

= ∑ 𝑥𝑖𝛿(𝑘, 𝑔𝑖)
𝑁2

𝑖=1
 

 

We can generate 𝑏𝑖 ∈ {0,1} indepedent of 𝑔𝑖 by reshuffling the label and use this as a null model 
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so that we can test if 𝐵𝑘
(1)

 is larger or smaller than 𝐵𝑘
(1)

 under the null model. Under the null model, 

we assume that 𝐵𝑘
(1)

 follows the binomial distribution: 

 

𝑃𝑟 (𝐵𝑘
(1)

= 𝑏) = (
𝐵𝑘

𝑏
) 𝑝𝑏(1 − 𝑝)𝐵𝑘−𝑏 where 𝑝 = ∑

𝑥𝑖

𝑁

𝑁
𝑖=1  

 

Given we have already detected communities consisting for start-up firms and investors, we can 

apply this method to establish an empirical association between a community and a specific feature. 

 To test how each community is associated with investment returns, we regress the 

benchmark adjusted-return measured for each investment on dummy variables representing for each 

community so that we can see the difference of investment return among multiple communities. In 

this estimation, we employ quantile regression instead of a standard OLS so that we can explicitly 

examine the association the upper tail behavior of return distribution of each community. 

 

3. Data 

In this section, we will go over the data we use in the present study. All the data are obtained from 

Japan Venture Research Inc. (JVR), through an explicit contract between Hitotsubashi University 

and JVR for an academic use. The dataset contains detailed investment information measured for 

each triplet consisting of start-up companies, investors, and investment round. In the present paper, 

we use the data associated with the investments on start-up companies that eventually accomplished 

IPO.2 Each data entry is identified by the abovementioned triplets and associated with the date of 

investment, the share price of start-up companies paid by investors for purchase at each investment, 

                                                        
2 Although it is possible to use the additional three datasets corresponding to VBs that either (i) acquired by other 

companies, (ii) liquidated, or (iii) have not faced IPO, M&A, or liquidation, we are not using this as the issue 

associated with the comprehensiveness of the dataset we mentioned above is supposed to be severer. 
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the date of IPO, the initial share price for the start-up companies as of IPO, the initial market the 

start-up company is listed as of IPO, whether the start-up company changed the listed market after 

IPO or not (i.e., to the first and second sections of TSE), and whether the VB was delisted or not. 

The frequency of the data is monthly. 

 Figure 1 depicts the number of IPOs recorded in our dataset, the actual number of IPOs 

occurring, and the ratio of the former to the latter (line chart) over the period from 2004 to 2014. We 

can immediately notice that the dynamics of the number is consistent with the actual number of IPOs 

in Japanese stock market. As the bar chart (A) in Figure 1, which is smaller than the actual IPO 

numbers denoted by the bar chart (B), suggests, our dataset is not comprehensive and missing some 

of the IPO records. Figure 2 depicts the number of investments observed in each year. Table 1 

summarizes the IPO markets each start-up company was originally listed as well as the average, 

median and standard deviation of the number of investors investing to those companies. Among the 

various features associated with start-up firm-j and investor-i, Table 2 and Table 3 list the start-up 

companies’ industry classification and investor type, respectively. Table 4 further summarizes the 

average, median and standard deviation of the number of investor types. 

 One unique feature of our data is that we can measure investment amounts, the individual 

investment return that each investor obtained from their investments, and the post-IPO dynamics 

(e.g., delist) of each VB. Table 5 summarizes the average, median and standard deviation of the 

invested amounts (thousand JPY) to each start-up company. Such information is not necessarily 

available in the extant studies. For example, Hochberg et al. (2007) employ the number of investment 

rounds for measuring VCs’ performance. The investment return measure we employ in the present 

paper is more suitable for characterizing investment performance. As we mentioned in the previous 

section, to measure the return, we compute the annualized return from each investment by using the 

abovementioned data and subtract the market return over the same period. To be more precise, we 
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compute the annualized return of the investment from investor-i to start-up company-j implemented 

at t as 𝑟𝑖𝑗
(𝑡𝑖𝑛𝑣,𝑡𝑠(𝑗))

 as in the following form:  

 

𝑟𝑖𝑗
(𝑡𝑖𝑛𝑣,𝑡𝑠(𝑗))

= (
𝑠𝑗

𝑤𝑖𝑗
(𝑡)

)

𝑡𝑠(𝑗)−𝑡+1
365

 

 

In this expression, 𝑡𝑠(𝑗)  denotes the time when start-up company-j accomplished IPO. 𝑤𝑖𝑗
(𝑡)

 

accounts for the price per share paid by investor-i when it invested on start-up company-j at time t. 

𝑠𝑗 accounts for either the initial price or offer price of start-up company-j’s share as of IPO. Note 

that this return is measured for each investment from investor-i to start-up company-j. We compute 

the benchmark-adjusted return by subtracting the market return based on TOPIX over the same 

period from the return above. 

 As another performance measure of investment, we track the market movement of each 

start-up company-j invested by investor-i at t. Here, the market movement denotes the delisting from 

market, staying in the originally listed market, and market upgrade. Table 6 summarizes number of 

post-IPO dynamics consisting of DELIST_a, DELIST_b, STAY, TSR1, and TSE2. DELIST_a 

denotes a dummy variable taking value of one if the start-up company delist due to M&A while 

DELIST_b accounts for the delisting due to other reasons mainly accounted for by violation of listed 

criteria. STAY accounts for the case that start-up companies stay in the same market as they were 

originally listed while TSE1 and TSE2 account for the cases that the start-up companies move to 

another (larger) stock markets. 

 Using the investment data of investors to start-up companies over multiple investment 

rounds, we construct bipartite graph which incorporate both investors and start-up companies in the 

data. As it is bipartite, each node of the network accounts for either start-up companies or investors, 
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and the former (the latter) can be connected only to the latter (the former) through edge.  

 

4. Empirical findings 

4.1 Community detection 

Figure 3 illustrates a result of our bipartite degree-corrected SBM. Each cell corresponds to a 

potential community and the color chart indicates how “active” those communities are. Based on the 

level of the activity measured by the degree (i.e., the number of investments done within the 

community), we pick up the top 10 communities from the matrix.  

Table 7a summarizes, in those top 10 communities, how many start-up companies and 

investors are incorporated. For example, the community-1, which is associated with the highest 

degree (i.e., the number of investments), consist of 60 start-up firms and 204 investors. Table 7b also 

summarizes the median of the returns based on either initial or offer price as of IPO as well as the 

initial price decline rate associated with those top 10 communities. 

 

4.2 Testing features 

As the first test extracting an association between detected communities and a specific feature, we 

test whether start-up companies included in each group belong to a specific industry or not. InTable 

8, we show the results of our test on whether start-up companies in a specific industry (e.g., 

Communication) is more or less likely to be included in each community. The shaded area denotes 

the case where a specific industry denoted in the column over-represent in the community denoted 

in the row. We can confirm that only the 6th and 8th community are associated with some distinct 

features in terms of start-up firms’ industry composition. To be more specific, the 6th community is 

populated by a large number of biotechnology companies while the 8th community consists of a large 
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number of semi-conductor and energy companies but a small number of start-up companies in 

finance industry. All the other eight communities do not exhibit any statistically significant features 

in terms of start-up firms’ industry composition. These findings imply that at least for the top 10 

active communities where a large number of investments, there is small industry concentration.  

 As the second test, we repeat the same test for investor types. Table 9 summarizes the 

results. First of all, we can immediately confirm that most of the communities show some distinctive 

feature associated with investor types. 1st, 6th, and 7th communities are more likely to include 

investors categorized as VCs while the 2nd, 3rd, and 4th communities are less likely to include VCs. 

This suggests the existence of clustering of specific types of investors. Regarding the former groups 

(1st, 6th, and 7th), over-representing investor type is only VCs in 1st and 6th groups. Among the latter 

groups (i.e., 2nd, 3rd, and 4th), there is a single over-representing investor type such as non-financial 

investors, real estate, and bank. Notably, out of the top 10 communities, only the three groups (i.e., 

7th, 8th, and 9th) exhibit multiple over-representing investor types. In fact, the 8th group is 

overpopulated by Angel and ESOP are majority and 9th group by Founder and ESOP. As the Angel 

investors are not well specified in our dataset and could be relatives of the founders and some related 

parties, these two groups can be also considered as the groups with only one type of over-representing 

investor type. Although VCs invest together with other types of investors such as Shosha (i.e., trading 

companies, bank, real estate, insurance) in the 7th group, the abovementioned results suggest the large 

heterogeneity of each community in terms of clustered investor types. 

 

4.3 Performance 

How should we interpret the detected community structure and the associated features? Table 10 

summarizes the performance measured by various metrics for each community. The first two 

columns show either the investment returns based on the initial price as of IPO is larger in its 75 
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percent and 90 percent quantile. The third and fourth columns repeat the same exercise for the return 

based on the offer price as of IPO. The fifth and sixth columns show whether each community is 

more likely to be associated with market upgrade to TSE first section or second section. The last 

column shows whether each community is more likely to be delisted or not. 

 These results suggest that those performance measured by investment return for a 

community tends to become better when investors in the community consist of a large number of 

VCs (i.e., 1st community) or non-financial investors (i.e., 2nd and 5th communities). It is also 

confirmed that the community consisting of a small number of VCs tend to be associated with low 

investment return (i.e., 3rd community)). As an exception, we also find one community consisting of 

a large number VCs and yet showing low investment return (i.e., 6th community). Notably, such a 

community systematically consists of a large number of start-up companies in biotechnology industry. 

Given start-up companies in biotechnology industry are supposed to need large R&D investments 

and take a longer period for going public, it could be natural for those companies to exhibit lower 

return. We should also notice that the likelihood of delisting is higher in the 5th community, which is 

associated with higher investment returns and populated by a large number of non-financial investors. 

Interestingly, the 4th community is associated with high likelihood of market upgrading to TSR first 

section. Given this community is overpopulated by banks as investors, it might be the case that banks 

aim at long-term growth of their investment targets. 

 In order to see the robustness of our result, we repeat all the estimation from community 

detection to performance test by referring the investment amounts instead of investment numbers as 

the degree and confirm the robustness of our results. As an additional information, when we repeat 

the same exercise by using only the information at the first round investment, we can confirm only 

few features associated with each community. 
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5. Conclusion 

In the present paper, using unique investment-level data accounting for around 15,000 individual 

investments from various types of investors to start-up companies over the periods from 2000 to 

2014, we empirically detect community structures consisting of investors and start-up companies 

through the bipartite stochastic block model and examine its implication on investment performance. 

The detected community structure represented by multiple groups of investors and start-up 

companies suggests, first, large heterogeneity of each community in terms of clustered investor types 

but less so in terms of start-up companies’ industry composition. Second, we observe investment 

performance is higher when the communities are populated by clusters of VCs or non-financial 

companies. These results jointly imply the systematic concentration of specific types of investors 

associated with investment performance. 

 As our analysis is focusing only on the top 10 communities detected by stochastic block 

model, one promising way is to extend the discussion to a larger number of communities and test its 

statistically association with the performance. Also, it could be informative to focus on more detailed 

investor types (e.g., VCs backed by different financial sources) and start-up firms’ industry 

classification so that we can see the pattern of clustering and its association with investment 

performance in more detail. 
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Figure 1 Evolution of IPO numbers in the data 

 

 

Note: Each bar accounts for the number of IPOs in each year, which is calculated by the data we use 

for our empirical analysis. 
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Figure 2 Evolution of investment number (degree) 

 

 

Note: Each bar accounts for the number of investments to IPO companies in each year, which is 

calculated by the data we use for our empirical analysis. 
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Figure 3 Detected communities 

 

 

Note: Each bar accounts for the number of investments to IPO companies in each year, which is 

calculated by the data we use for our empirical analysis. 
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Table 1 IPO markets 

 

 

Note: The table summarizes the number of start-up companies and the number of investors for each 

IPO market. All the numbers are calculated by the data we use for our empirical analysis. 
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Table 2 Industry 

 

 

Note: The table summarizes the industry classification corresponding to the star-up companies going 

to IPO markets. 
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Table 3 Investor types 

 

 

Note: The table summarizes the types of investors 
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Table 4 Investor types 

 

 

Note: The table summarizes the number of investor types corresponding to the star-up companies 

going to IPO markets. All the numbers are calculated by the data we use for our empirical analysis. 
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Table 5 Investment amounts 

 

 

Note: The table summarizes the amounts of investment for each start-up companies going to IPO 

markets. All the numbers are calculated by the data we use for our empirical analysis. 
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Table 6 Post-IPO dynamics 

 

 

Note: The table summarizes the post-IPO dynamics for each start-up companies going to IPO markets. 

All the numbers are calculated by the data we use for our empirical analysis. 
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Table 7a Detected communities (top 10) 

 

Note: The table summarizes the detected communities. We list top 10 communities in terms of the 

number of investment (i.e., degree). 

 

 

  

Top 10 community

(based on degree)

Group ID for

start-up companies

Group ID for

investors
#(start-up companies) #(investors)

1 14 21 60 204

2 2 31 29 291

3 17 29 23 241

4 13 20 48 260

5 3 34 35 284

6 11 28 30 139

7 6 27 26 126

8 12 32 41 108

9 1 24 29 137

10 10 23 23 138
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Table 7b Detected communities (top 10) 

 

 

Note: The table summarizes the detected communities. We list top 10 communities in terms of the 

number of investment (i.e., degree). 

 

  

Top 10 community

(based on degree)
Item

Group ID for

start-up companies

Group ID for

investors
Median

1 Initial price/Investment price - 1 14 21 0.83

Offer price/Investment price -1 14 21 0.38

Initial price decline rate (%) 14 21 105.00

2 Initial price/Investment price - 1 2 31 0.22

Offer price/Investment price -1 2 31 -0.08

Initial price decline rate (%) 2 31 84.61

3 Initial price/Investment price - 1 17 29 0.06

Offer price/Investment price -1 17 29 -0.06

Initial price decline rate (%) 17 29 75.84

4 Initial price/Investment price - 1 13 20 0.06

Offer price/Investment price -1 13 20 -0.06

Initial price decline rate (%) 13 20 30.00

5 Initial price/Investment price - 1 3 34 0.78

Offer price/Investment price -1 3 34 0.23

Initial price decline rate (%) 3 34 90.47

6 Initial price/Investment price - 1 11 28 -0.08

Offer price/Investment price -1 11 28 -0.21

Initial price decline rate (%) 11 28 56.92

7 Initial price/Investment price - 1 6 27 0.39

Offer price/Investment price -1 6 27 0.01

Initial price decline rate (%) 6 27 100.00

8 Initial price/Investment price - 1 12 32 -0.10

Offer price/Investment price -1 12 32 -0.13

Initial price decline rate (%) 12 32 40.00

9 Initial price/Investment price - 1 1 24 0.12

Offer price/Investment price -1 1 24 -0.14

Initial price decline rate (%) 1 24 123.68

10 Initial price/Investment price - 1 10 23 -0.31

Offer price/Investment price -1 10 23 -0.37

Initial price decline rate (%) 10 23 51.81
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Table 8 Test for start-up companies’ industry 

 

Note: The table summarizes the results of the test for start-up companies industry. 

 

  

Communication Finanial Financial-ICT Business service IT hardware IT software IT service
Semiconductor

& products

1 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

2 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

3 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

4 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

5 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

6 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

7 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

8 FALSE smaller FALSE FALSE FALSE FALSE FALSE larger

9 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

10 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

Biotechnology Medical Medical-ICT Energy Energy-ICT Environment Consumer

1 FALSE FALSE FALSE FALSE FALSE FALSE FALSE

2 FALSE FALSE FALSE FALSE FALSE FALSE FALSE

3 FALSE FALSE FALSE FALSE FALSE FALSE FALSE

4 FALSE FALSE FALSE FALSE FALSE FALSE FALSE

5 FALSE FALSE FALSE FALSE FALSE FALSE FALSE

6 larger FALSE FALSE FALSE FALSE FALSE FALSE

7 FALSE FALSE FALSE FALSE FALSE FALSE FALSE

8 FALSE FALSE FALSE larger FALSE FALSE FALSE

9 FALSE FALSE FALSE FALSE FALSE FALSE FALSE

10 FALSE FALSE FALSE FALSE FALSE FALSE FALSE
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Table 9 Test for investor type 

 

Note: The table summarizes the results of the test for investor type. 

 

  

1 3 4 6 7 8 9 11 12

Angel Individual Founder VC Shosha Foreign Bank Non-financial ESOP

1 FALSE FALSE smaller larger FALSE FALSE FALSE FALSE FALSE

2 FALSE FALSE FALSE smaller FALSE FALSE FALSE larger FALSE

3 FALSE FALSE FALSE smaller FALSE FALSE FALSE FALSE FALSE

4 FALSE FALSE FALSE smaller FALSE FALSE larger FALSE FALSE

5 FALSE FALSE smaller FALSE FALSE FALSE FALSE larger smaller

6 FALSE FALSE FALSE larger FALSE FALSE FALSE smaller FALSE

7 FALSE FALSE FALSE larger larger FALSE larger smaller FALSE

8 larger FALSE FALSE FALSE FALSE FALSE FALSE smaller larger

9 FALSE FALSE larger FALSE FALSE FALSE FALSE FALSE larger

10 FALSE FALSE larger FALSE FALSE FALSE FALSE FALSE FALSE

13 14 15 16 17 18 19 21

Security

companies
Government Others Other financial University Real estate Insurance Foreign VC

1 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

2 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

3 FALSE FALSE FALSE FALSE FALSE larger FALSE FALSE

4 FALSE FALSE larger FALSE FALSE FALSE FALSE FALSE

5 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

6 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

7 FALSE FALSE FALSE FALSE FALSE larger larger FALSE

8 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

9 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

10 FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
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Table 10 Investment performance 

 

Note: The table summarizes the results of the test for post-IPO dynamics (i.e., DELIST_b). 

 

 

75_fp 90_fp 75_op 90_op TSE1 TSE2 Delist

1 larger larger larger larger FALSE FALSE FALSE

2 larger larger larger larger FALSE FALSE FALSE

3 smaller smaller smaller smaller FALSE FALSE FALSE

4 FALSE FALSE FALSE FALSE larger FALSE FALSE

5 larger larger larger larger FALSE FALSE larger

6 smaller smaller smaller smaller FALSE FALSE FALSE

7 FALSE FALSE FALSE smaller FALSE FALSE FALSE

8 FALSE FALSE FALSE FALSE FALSE FALSE FALSE

9 FALSE smaller FALSE FALSE FALSE FALSE FALSE

10 smaller FALSE smaller FALSE FALSE FALSE FALSE
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