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Is the Stock Market Just a Side Show? Evidence form Venture Capital 
 

 

 

Abstract 

We examine the real effects of financial markets from the perspective of venture capital (VC) 
investors. We postulate that VCs actively learn information contained in public markets when 
designing investment structure in their startup ventures. We find that, when public market prices 
are more informative, VCs are less likely to stage finance startup ventures and to syndicate with 
other VCs to save the costs associated with staging and syndication. This effect is more pronounced 
when VCs are lack of industry-specific expertise, VCs are physically distant from their ventures 
so that collecting soft information is costly, and their investments are less risky. Using exogenous 
events that unexpectedly alter financ
which makes public market prices less informative, we show that our results are unlikely driven 
by endogeneity. Our paper sheds new light on the real effects of financial markets by showing that 
private equity investors actively learn information from public equity markets. 
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1. INTRODUCTION 

Is the stock market just a side show or does it have real effects on economic activities? 

Conventional wisdom believes that stock market security prices merely reflect expectations about 

future cash flows. However, a growing strand of literature in financial economics challenges this 

traditional view by both theoretically arguing for and empirically documenting evidence about the 

real effects of secondary stock markets on corporate decision making. Specifically, following the 

insightful work of Hayek (1945), which posits that prices are a useful source of information, recent 

theories (e.g., Grossman, 1976; Hellwig, 1980; Dow and Gorton, 1997; Subrahmanyam and 

Titman, 1999; Goldstein and Guembel, 2008) argue that while individual market participants may 

be less informed than managers, financial markets as a whole have the ability to aggregate different 

pieces of information possessed by various market players and incorporate them into security 

prices. Consequently, managers of publicly traded firms can learn from the information in stock 

prices about the prospects of their own firms and use this information to guide their real investment 

decisions.1  

While the above argument is very compelling, empirically testing the argument is 

challenging, because the information set possessed by managers of publicly traded firms is not 

 

informativeness is positively related to its subsequent investment activities, it is difficult to 

disentangle whether it is managerial learning from stock prices or stock prices passively reflecting 

what managers have already known about their investment opportunities. To alleviate this concern, 

in this paper, we focus on the investment decisions made by venture capital (VC) fund managers 

and examine whether VC fund managers learn from public market equity prices and use the 

information to guide their investment in startup companies.  

Venture capital provides an ideal research setting that offers several unique but important 

advantages. First, startup ventures funded by VC investors are private companies whose shares are 

not publicly traded and do not have a stock price. Hence, it is unlikely that venture-specific 

information known by VC fund managers is reflected into the stock prices of public firms, even 

though the public firms are in the same industry as the startup venture. Hence, the concern that 

stock prices of public firms being a passive reflection is mitigated in the VC setting. Second, VC 

                                                 
1 Bond, Edmans, and Goldstein (2012) provide an excellent survey on theoretical and empirical studies that examine 
the effects of financial markets on the real economy. 
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fund managers have great incentives to learn from the public markets. VCs invest in early-stage 

startup ventures that have high growth potential but also substantial failure risk. VC industry is 

characterized as being full of information asymmetry between investors and entrepreneurs. Hence, 

before making investment decisions, VC fund managers have larger incentives to learn from the 

public market than public firm managers who possess more information and suffer from 

information asymmetry problems to a less extent. Finally, VC staging and syndication, unique 

features of VC investments compared to public firm investments, provide a variety of dimensions 

that allow us to better understand how precisely the information learnt from the public market 

.  

To exploit the unique features of VC investment, we focus on VC stage financing and 

syndication in this paper. The staging of capital infusions by VC fund managers is the stepwise 

disbursement of capital from VC investors to startup ventures. It is an effective tool used by VCs 

to mitigate information asymmetry and uncertainty associated with startup ventures because it 

keeps a real option value of abandoning underperforming ventures (Sahlman, 1990; Gompers, 

1995). However, as argued in Tian (2011), stage financing is not a free lunch but costly. Potential 

costs arising from VC staging include negotiation and contracting costs in each round of financing, 

forgone economics of scale due to divided capital infusions, induced short-termist behavior on the 

part of entrepreneur, and underinvestment in early-stage ventures. Hence, if pubic market prices 

are more informative so that VC fund managers can more effectively learn to guide their 

investment decisions, we expect that they will stage finance less to save the cost of staging. We 

develop three measures to capture VC staging: the number of rounds (i.e., the total number of 

financing rounds a startup venture receives from its VC investors), investment skewness (i.e., the 

amount an startup receives from the first round divided by total amount it receives across all 

financing rounds), and change in round amount (i.e., the difference in investment amount a venture 

receives from the current round and from the previous round). If our argument is supported, we 

expect to observe that VC fund managers tend to invest fewer rounds, invest more in the first round, 

and increase round amount if the stock prices of public firms in the same industry are more 

informative. 
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VC syndication is an enduring and striking feature of the VC industry (Lerner, 1994).2 One 

main motivation for VCs to form syndicates to co-invest a startup is to seek a second opinion from 

other VCs (Lerner, 1994; Brander, Amit, and Antweiler, 2002) because of the high opaqueness 

nature of startup ventures. However, VC syndication is also very costly. First, co-investing a 

venture means that the VC who first identifies the deal has to share the returns with other VCs and 

cannot exclusively enjoy the reward if it turns out that the venture is a great success. Second, 

different types of VC investors (e.g., traditional VCs, corporate VCs, bank-affiliated VCs, and 

government-sponsored VCs) could have different investment objectives and preferences, which 

might create conflicts among VCs within a syndicate and reduce the benefits of co-investing. Third, 

it could be time-consuming and difficult for VCs to deal with problematic startups if there are 

multiple VC investors co-investing the venture, which increases communication costs and reduces 

investment efficiency. Hence, to avoid the costs associated with syndication, we expect that, if the 

stock prices of public firms in the same industry of their ventures are more informative, VCs are 

less likely to syndicate with other VCs and the syndicate size is more likely to be small. 

Using a sample of 13,185 startup ventures that receive VC financing between 1980 and 

2012, we find that public market price informativeness significantly affects the staging and 

syndication of VCs. Specifically, VC fund managers finance a venture with a smaller number of 

financing rounds, with more money invested in the first round, with more round amount, and with 

fewer other VCs co-investing if the stock prices of public firms in the same industry of the venture 

are more informative. Our finding is consistent with the hypothesis that VC fund managers learn 

from public market prices and respond by altering the structure of their investment in startup 

ventures to avoid the costs associated with staging and syndication. 

Even though our research setting of VC markets significantly alleviates the concern that 

stock prices are merely reflections of what managers have already known about the investment 

opportunities instead of managers actively learning information from stock prices, it is still 

possible t

the structure of their investments in startup ventures and industry stock price informativenss of 

publicly traded firms drive the results. In other words, our findings are not driven by VC fund 

                                                 
2 Tian (2012) finds that 70% of entrepreneurial firms are financed by VC syndicates that consist of two or more VC 
investors between 1980 and 2005. Meanwhile, 88% of VC-backed firms that go public during the same period receive 
financing from VC syndicates.  



4 

from the public markets but by omitted variables. To tackle this endogeneity 

concern, we use two different identification strategies.  

Our first identification strategy is to construct an instrumental variable that captures 

exogenous reductions in stock price informativeness and to use the two-stage least squares (2SLS) 

analysis. Following the spirit of existing literature (Koudijs, 2014, 2015; Engelberg and Parsons, 

2011), our instrument is based on the rationale that airport shutdowns due to extreme weathers or 

-site visits of the firms covered by 

our OLS results and, more importantly, reveal the direction of potential bias if the omitted variable 

problem is not appropriately controlled for.  

Our second identification strategy relies on a regulatory change on short-selling constraints, 

Regulation SHO, that remove the uptick rule restriction for a randomly selected group of Russell 

3000 firms (pilot firms). This sudden regulatory change provides a quasi-natural setting that alters 

short selling costs. To the extent that short sellers, a group of investors who actively collect various 

pieces of information about the firms, positively contribute to stock price informativeness, 

Regulation SHO makes stock prices of pilot firms more informative. We find generally consistent 

results, using the difference-in-differences (DiD) approach. Overall, our identification tests 

suggest that VC fund managers appear to learn from public market stock prices and respond by 

altering the structure of their investment in startup companies. 

We next do additional tests to explore the heterogeneous effects of public market price 

-specific experience from its general experience. 

We posit that if a 

information contained in the public market. Hence, the effect of stock price informativeness on 

VC investment structure should be less pronounced when the VC is more experienced in the 

the same extent of its industry expertise. As a result, VCs with more general experience may still 

need to actively learn from public market prices. Consistent with our conjecture, our main results 

are more pronounced if the VCs are lack of industry experience but are largely unchanged if the 

VCs have more general experience.  
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The second heterogeneous test we perform explores how physical distance between VCs 

and their venture firms alters our main results. The rationale behind this test is that geography 

and the cost of physically collecting information about the ventures. Tian (2011) further shows 

that VCs use less stage financing if they are located closer to their startup ventures because of 

reduced monitoring costs, which suggests intensive monitoring and staging are substitutes. If 

intensive monitoring and more information collection by VC fund managers become less costly 

due to close proximity, these VCs may rely less on the information contained in public market 

prices. Hence, we expect the effect of stock price informativeness on the structure of VC financing 

to be less pronounced if the physical distance between VCs and startup ventures is short. We find 

evidence that is consistent with this conjecture. 

The  deals (startup 

ventures) alters our main results. We conjecture that when making investment in risky ventures, 

VC fund managers are more likely to stick to costly but powerful monitoring tools, such as staging 

and syndication, and rely less on learning from public market prices. This is because the 

consequence of inadequate monitoring would be much more severe if the venture is riskier. Hence, 

we posit that the effects of price informativeness on VC staging and syndication are less 

pronounced when ventures are riskier. Consistent with this conjecture, we find that VC staging 

and syndication is less sensitive to public stock price informativeness when the ventures are from 

more R&D intensive industries and in earlier stages. 

In the final part of the paper, we explore 

from public markets and investment structure decisions affect their investment outcomes? We find 

evidence that, while VC staging and syndication are positively associated with 

exit probability as documented in earlier studies, this association is stronger when public market 

prices are more informative. Hence, if VCs can learn information from public market prices more 

effectively, they are able to rely less on costly stage financing and syndication, which positively 

contributes to the success of their ventures.  

The rest of the paper is organized as follows. Section 2 discusses the related literature. 

Section 3 describes sample selection and reports summary statistics. Section 4 presents the main 

results. Section 5 addresses the endogeneity problem. Section 6 reports the heterogeneous effect 

and investment outcome results. Section 7 concludes.   
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2. RELATION TO THE EXISTING LITERATURE  

Our paper contributes to two strands of literature. First, it is related to the growing literature, 

both theoretical and empirical, documenting the real effects of financial markets. Starting from 

Hayek (1945), who argues that prices are a useful source of information, researchers (e.g., 

Grossman, 1976; Hellwig, 1980) realize that financial markets aggregate the information of many 

market participants who, though individually less informed, are collectively more informed than 

corporate decision makers. Dow and Gorton (1997), Subrahmanyam and Titman (1999), and 

Goldstein and Guembel (2008) show that decision makers use the new information learnt from 

financial market prices to guide their real decisions. Bond, Goldstein, and Prescott (2010) further 

argue that while it is important for managers to learn information from stock prices, they need to 

have some independent informational sources to achieve the desirable outcome.  

Empirical studies provide evidence consistent with the learning channel through which 

le, Giammarino et 

al. (2004) find 

in the SEO setting. Luo (2005), in the M&A setting, finds that managers learn new information 

from announcement returns of M&A deals and are more likely to withdraw a deal if its 

announcement return is lower. Kau, Linck, and Rubin (2008) further show that managers are more 

likely to listen to the market when more of their shares are held by large blockholders and when 

their CEOs have higher pay-performance sensitivities. Edmans, Goldstein, and Jiang (2012) 

bid and argue that this effect arises from a feedback learning channel. In a more general setting, 

Chen, Goldstein, and Jiang (2007) find that the sensitivity of investment to stock price is stronger 

when there is more private information injected into the price during the trading process, 

suggesting that managers learn new information from the price and use it in their investment 

decisions. In a related study, Durnev, Morck, and Yeung (2004) show that price informativeness 

is positively related to investment efficiency. All of these studies show that managers or investors 

of public firms learn information from stock prices. Different from earlier studies, our paper 

focuses on a group of private investors, VCs, who are important promoters of entrepreneurship 

and innovation, and explore, first time in the literature, whether VCs learn from public market 

prices when making investment decisions. 
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Our paper also contributes to the literature on venture capital investment. This literature 

positions all affects their investment structure in terms of staging and syndication. Existing 

literature also explores the investment outcomes of VC financing to evaluate the effectiveness of 

various VC investment mechanisms. Existing studies conclude that VC investors generally create 

value for startup ventures they invest in and promote technological innovation (See Da Rin, 

Hellmann, and Puri (2013) for an excellent survey of the literature). However, current studies have 

largely ignored a possible mechanism through which VC investors create value for their portfolio 

Our paper attempts to fill in this void by providing empirical evidence that links VC learning and 

their investment structures and outcomes.  

 

3. DATA, SAMPLE AND VARIABLE CONSTRUCTION 

3.1 Data and sample selection 

We obtain data on round-level VC investments in startup companies from the Thomson 

Reuters VentureXpert database. We include in our sample all US-based ventures with a complete 

VC financing history between 1980 and 2012, that is, ventures receiving their first round of VC 

financing after 1980 and the last round before 2012. We classify ventures that go public, are 

merged or acquired, are written-off, or do not receive any VC financing within a 10-year span after 

the most recent round by 2012 as firms exited from VC financing and include them in our sample.3 

Finally we exclude observations with missing and inconsistent data, leaving 13,185 ventures with 

53,084 rounds of VC financing. To calculate the industry-level price informativeness measures 

and other control variables, we collect information on daily stock returns and annual financial data 

from CRSP and Compustat databases. We use public firms traded on NYSE, NASDAQ, or AMEX 

with at least 50 trading days in a calendar year for calculations of stock price informativeness.  

s procedure to match sample venture observations with public 

firms by SIC industry classifications and round dates. In the matching procedure, we start with 

four-digit SIC industries. If there are fewer than four public firms in the four-digit SIC industry, 

                                                 
3 As noted by Tian (2011), in general VC industry requires investment liquidation within 10 years from the inception 
of the fund. Hence, venture firms failed to receive any follow-on VC investments within 10 years after the very last 
round are likely to be written off by VCs and have completed VC financing. 
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we use there-digit SIC industries, and if there are fewer than four public firms in the three-digit 

SIC industries, we match ventures with public firms in the same two-digit SIC industries instead.  

 

3.2 Variable Construction 

3.2.1 VC staging and syndication variables 

Following existing literature, we use five variables to capture VC 

investment structure on their portfolio ventures, i.e., staging and syndication (Gompers, 1995; 

Lerner, 1994). Specifically, we use N_round, Skewness, and  to capture a VC s staging 

patterns. We define N_round as the total number of VC financing rounds a venture receives before 

it exits. Skewness is the investment amount put upfront by VC investors in the first round of 

financing, calculated as the amount a venture receives from round one divided by the total amount 

of VC financing across all financing rounds.  is the increase in round amount from the 

previous to the current round, calculated as the natural logarithm difference between the current 

round and the previous round.  

We use two other measures, Syn and N_VC, as the proxies for VC syndication. Syn is a 

syndication dummy that equals one if a startup venture is financed by a VC syndicate and zero 

otherwise. N_VC measures the size of the syndication, i.e., the number of VC investors in a 

syndicate co-investing in a startup venture. We provide detailed definitions of variables in 

Appendix A. 

 

3.2.2 Price informativeness variables 

As suggested by Roll (1988) among a large body of theoretical and empirical literature, we 

use price nonsynchronicity (firm-specific return variation) as our main price informativeness 

measure, which is mainly driven by private information. The proxy is widely used in many 

empirical studies, such as Durnev, Morck, and Yeung (2004) and Chen, Goldstein, and Jiang (2007) 

on corporate investments, Wurgler (2000) on capital allocation, and Chan and Chan (2014) on 

seasoned equity financing. 

Specifically, we decompose the variation of stock returns into three components, a market-

wide component, an industry-wide component, and a firm-specific component, by regressing daily 

stock returns on market and industry returns: 
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 (1) 

where ri,j,t is the return of firm i from industry j at time t, and rm,t and rj,t are the market and industry 

j return at time t. We define the price nonsynchronicity measure Infoi,j for firm i from industry j as 

 (2) 

where  is the R-squared from Regression (1). We then calculate the industry-level price 

nonsyncronicity measure Infoj by averaging Infoi,j across all firms in industry j.  

 

3.2.3 Control variables 

Following the VC literature we control for a vector of venture-level and industry-level 

ing and 

syndication. Firm-level controls include the natural logarithm value of venture age, Ln_age, 

defined as the number of years since the venture s inception; an early stage dummy, Early_dum, 

that equals one if the venture is in its seed/startup or early stage, and zero if the venture is in the 

expansion, late, or buyout/acquisition stage as recorded in the VentureXpert database; Ln_amt1st, 

the natural logarithm value of the first round investment amount; an IPO dummy, IPO_dum, that 

equals one if the firm goes public and zero otherwise; and an acquisition dummy, Acq_dum, that 

equals one if the venture firm is acquired by another firm and zero otherwise. Industry-level 

Ind_Q; R&D expense ratio, Ind_RD, calculated 

as the R&D expenses divided by total assets; and asset tangibility, Ind_tangi, calculated as 

property, plant, and equipment divided by total assets.  

 

3.3 Summary statistics 

Table 1 reports descriptive statistics of the characteristics of VC staging and syndication, 

startup firms and their industries. Panel A shows that in our sample, a median venture receives 3 

rounds of financing from a syndicate consisting of 4 VC investors, with a total investment of $15.4 

million. It has to wait for another 9.8 months for the next round of VC financing of $3.9 million. 

Panel B shows that the median venture is 2 years old and at the early stage of its life cycle when it 

receives the first round of VC financing of $3.5 million. Panel C shows the venture operates in the 

, and an average asset 

tangibility ratio of 21.2%. These industries have an average market capitalization of $3.4 billion. 
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The mean and median values of the industry-level price nonsynchronicity measure prior to the first 

VC financing round are 2.2 and 2.2, respectively, with the standard deviation being 0.7. 

 

4. EMPIRICAL RESULTS 

To assess the effects of public market price informativeness on VC staging and syndication, 

we estimate the following model 

 (3) 

where Yi,j variables described in Section 3.2.1 for 

venture i in industry j, including the total number of financing rounds (N_round), the skewness of 

round investments (Skewness), the change in round amount ( ), the syndication dummy 

(Syn), and the number of VCs in the syndicate (N_VC). These five variables collectively describe 

how VC fund managers optimize the structure of their investments in the venture to alleviate 

information asymmetry and venture uncertainty problems, and how they organize VC syndication 

for the second opinions. Infoj is the average price nonsynchronicity measure for industry j. The 

vector Controls contains venture-level and industry-level characteristics that may affect VC 

staging and syndication as discussed in Section 3.2.3. We control for the first VC investment year 

fixed effects, lead VC fixed effects, industry fixed effects, and state fixed effects in regressions to 

absorb any influence varying only with year, lead VC, industry and firm location.4 In the Skewness 

regression, we also include round number fixed effects to address the concern that the skewness 

measure is negatively related to the number of financing rounds by construction. 

We run OLS regressions to estimate equation (3) for N_round, Skewness, , and 

N_VC, and run Probit regressions for Syn. In venture-level analyses of N_round, Skewness, Syn, 

and N_VC, we estimate Info and control variables within/at the end of the calendar year prior to 

the first round of VC financing. In the round-level analysis of , we estimate variables 

within/at the end of the calendar year of the previous round of financing. 

                                                 
4 We follow the following steps to determine the lead VC for the venture if a syndication is formed (N_VC > 1):  1) 
we identify the VC making the largest investment amount across all financing rounds for the venture; 2) if the lead 
VC is not determined in Step 1 due to missing or equal total amounts, we then choose the VC participating in the 
largest number of rounds for the venture; 3) if the lead VC is not  determined in Step 2, we choose the VC with the 
most rounds of investments in any firm since 1962; and 4) if the lead VC is still not determined in Step 3, we choose 
the VC with the longest investment history. 
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Table 2 reports the baseline regression results on the effects of public price informativeness 

on VC staging and syndication. Our VC learning hypothesis argues that, when stock prices are 

more informative, VC fund managers are able to collect more information about the industry of 

their portfolio firms from the public market, so they rely less on costly staging to mitigate 

information asymmetry and venture uncertainty problems (Sahlman, 1990; Gompers, 1995). They 

are also less likely to invite other VCs to form a syndicate to seek the second opinions, which 

allows them to enjoy the returns exclusively (Lerner, 1994; Brander, Amit, and Antweiler, 2002).  

We observe findings that are consistent with the learning hypothesis. The coefficient 

estimates of Info are significant in columns (1)  (3), suggesting that with more informative public 

market prices in the same industry of the ventures, VCs tend to invest a fewer number of financing 

rounds, invest more funding upfront in the first round, and increase investment amount in the 

current round compared to the previous round. In columns (4) and (5), the coefficient estimates of 

Info are negative and significant at the 5% or 1% level, suggesting that with more informative 

public market prices, VC fund managers are more reluctant to syndicating with other VCs. 

In above regressions we include industry fects 

on VC staging and syndication, as previous studies show that the industry valuation affects 

investments and takeovers, among other corporate policies (e.g., Foucault and Frésard, 2012, 

2014). The coefficient estimates of industry are not significant once the public market 

price informativenss variable is included, suggesting that VC staging and syndication are not 

driven by the valuation effect. In addition, we find that VC fund managers investing in ventures in 

more R&D intensive industries rely more on staging and syndication, consistent with Gompers 

(1995) and Tian (2011). Results on other control variables show that younger ventures at early 

stages tend to receive a larger number of VC financing rounds and a smaller first round but larger 

follow-on round investment amount. These ventures are also more likely to be financed by VC 

syndicates (as opposite to individual VCs) and by a larger VC syndicate. 

 

5. IDENTIFICATION 

The baseline results are consistent with the hypothesis that VCs actively learn from public 

market prices before making decisions on investment structure and syndication to save the cost 

associated with them. However, the documented relation could be spurious and subject to 

endogeneity concerns. For example, there may exit some omitted variables that affect both public 
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market price informativeness and VC staging and syndication decisions simultaneously, which 

could bias the coefficient estimate of public market price informativeness and makes the 

interpretations of our findings difficult. In this section, we address the endogeneity concern with 

two identification attempts. First, we construct an instrument variable (IV) for public market price 

informativeness and use the two-stage least squares (2SLS) approach. Second, we utilize a quasi-

natural experiment, Regulation SHO, in which a regulatory shift alters stock price informativeness 

that is likely exogenous to VCs  staging and syndication decisions.  

 

5.1 The instrumental variable approach 

Our instrument for public market price informativeness, Ln_canc_days, is based on the 

rationale that financial analysts, an important public market player, are active information 

by financial analy Brennan, Jegadeesh, and 

Swaminathan, 1993; Brennan and Subrahmanyam, 1995; Hong, Lim, and Stein, 2000; Bradley et 

al., 2014).5 Hence, events that prevent financial analysts actively produce information about the 

shutdowns.  

Shutdowns of airports that are close to either the public firm or the analyst due to extreme 

weather conditions or operational difficulties -site visit to the firm difficult. 

accurate information about the firm she covers and hence s stock price 

informativeness. Our proposed instrument should satisfy the relevance requirement of the IV 

approach. Our instrument  shares the same sprits of Koudijs (2014, 2015), in which boats arrive 

with information in 18th century and bad weather cause exogenous reductions in information 

arrival, and Engelberg and Parsons (2011), in which bad weathers prevent the delivery of print 

media, which, in turn, affects local trading.  

Based on the above discussion, we construct the instrument as the natural logarithm of 

average days in a year when there are severe flight cancellations either in the airports closest to the 

                                                 
5 Consistent with this rational, recent studies (e.g., Kelly and Ljungqvist, 2012; Hong and Kacperczyk, 2010; Derrien 
and Kecskes, 2013; He and Tian, 2013; Chen, Harford, and Lin, 2015) find that an exogenous loss in one analyst leads 
to various consequences on stock prices, liquidity, and firm investment and financing decisions.  
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losest to the offices of the analysts covering the firm, which prevents 

financial analysts from visiting the firms they cover. We define severe flight cancellations as the 

situation when more than 20% of inbound and outbound flights of local airports are cancelled 

because of weather, airline operation, air traffic, or security reasons.6 We provide more variable 

construction details in Appendix B. 

It is reasonable to believe that flight cancellations due to extreme weather conditions or 

operational difficulty reasons between public firms and their analysts are exogenous to the 

investment decisions of VCs who invest in the startup venture in the same industry of the affected 

through its effect on the informativeness of public market prices. Hence, our instrument variable 

reasonably satisfies the exclusion restriction. 

We report the 2SLS regression results in Table 3. Columns (1), (3), (5) and (7) report the 

first-stage regression results with public market price informativeness, Info, as the dependent 

variable. The main independent variable of interest is our instrumental variable, Ln_canc_days. 

We include all control variables in the OLS regressions reported in Table 2 in the first-stage 

regressions. As we observe, the coefficient estimates of the instrument are negative and significant 

at the 1% level across all regressions. The results suggest that flight cancellations that prevent 

analysts from visiting covered firms lead to a decrease in stock price informativeness, which is 

consistent with our intuition for constructing the instrument. The t-statistics for the instrument 

variable are 8.5, 6.2, 16.0, and 9.8 in columns (1), (3), (5) and (7), respectively. Based on the rule-

of-thumb diagnostics suggested by Staiger and Stock (1997), our instrument is highly correlated 

with the endogenous right-hand side variable, Info, in the second stage and hence does not appear 

to suffer from weak instrument problem. 

Columns (2), (4), (6), (8), and (9) report the second-stage regression results with N_round, 

skewness, , Syn, and N_VC as the dependent variable, respectively, and the predicted 

values of public market price informativeness variable as the independent variable. The coefficient 

estimates of instrumented Info are consistent with those obtained from the OLS regressions and 

support our hypothesis. The economic effect of public market price informativenss on VC staging 

and syndication is also sizable. For example, with one standard deviation increase in instrumented 

                                                 
6 In untabulated analyses, we use an alternative cutoff, 30%, to define severe flight cancellations for robustness checks, 
and obtain qualitatively similar results. 
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Info, VCs reduce the number of investment rounds by 0.6, which is a 16.7% decrease from the 

mean number of financing rounds. Meanwhile, with one standard deviation increase in 

instrumented Info, VCs invest 5.9% (i.e., $2.3 million) more in the first round relative to later 

rounds, and increase round investment amount by 57.1% (i.e., $4.6 million) compared to the 

previous round, decrease their probability of forming a syndicate to finance a venture by 7.6%. If 

a syndicate is formed, the size of the syndicate drops by 0.6 VCs with one standard deviation 

increase in instrumented Info.  

Comparing results obtained from the OLS regressions (Table 2) with those obtained from 

the 2SLS regressions (Table 3), we observe that the magnitudes of coefficient estimates obtained 

from the 2SLS regressions are larger than their counterparts in the OLS regressions, though they 

have consistent signs and are all statistically significant. This finding suggests that the coefficient 

estimates are biased towards zero in OLS regressions due to endogeneity in public market price 

informativeness. In other words, omitted variables are likely to simultaneously make VC staging 

opaqueness could be an example of an omitted variable. For example, VCs investing in a startup 

venture that is in a more opaque industry may choose to stage and syndicate more to mitigate 

information asymmetry and venture uncertainty problems. Meanwhile, precisely because of the 

opaqueness of the industry, information about firms in this industry cannot be easily understood 

by investors and hence stock prices are less informative. Hence, the negative correlations caused 

by the omitted variable is the main driving force that biases the coefficient estimates of stock price 

informativeness toward to zero. With the instrumental variable approach, we are able to clean up 

the correlation between public market price informativeness and the residuals in the structural 

equation. Hence, the endogeneity of public market price informativeness is removed and we 

observe the coefficients with larger magnitudes (i.e., become more positive and more negative 

compared to those obtained from the OLS regressions). 

 

5.2 The natural experiment approach 

Our second identification strategy exploits the information production role played by short 

sellers and uses a quasi-natural experiment, Regulation SHO, that 

hence affects public price informativeness exogenously. Short selling has been largely constrained 

in the U.S. historically. For example, the uptick rule that was established in 1935 prohibits short 
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sales when stock prices are declining, which imposes a significant cost on short sellers. In 2004, 

the SEC announced that 968 firms from the Russell 3000 Index were selected in a pilot program, 

for which the uptick rule and other price restrictions are exempted. However, the uptick rule 

remained in effect for the remaining Russell 3000 firms (Grullon, Michenaud, and Weston, 2015; 

He and Tian, 2015). These pilot firms were randomly selected by the SEC. Specifically, the 

regulator ranked Russell 3000 stocks listed on NYSE, NASDAQ, and AMEX by daily volume, 

and then picked one firm from every three firms into the pilot program. The exemption of the 

uptick rule for pilot stocks was in effect on May 2, 2005, and the regulator lifted the restrictions 

for the remaining stocks on August, 2007.  

Short sellers are informed traders and important information contributors to the stock 

market (e.g., Miller, 1977; Diamond and Verrecchia, 1987; Boehmer, Jones and Zhang, 2008; 

Boehmer and Wu, 2013). Hence, after short-selling constraints are removed, short selling activities 

are largely enhanced and stock prices become more informative, as shown in Massa, Zhang and 

Zhang (2015). Therefore, the Regulation SHO provides a nice quasi-natural experiment setting 

that allows us to explore the effect of public market price informativeness on VC staging and 

syndication. 

The SHO pilot program provides two regulatory events that generate likely exogenous 

variation in stock price informativeness. The first event is in 2005 when the uptick rule was 

removed for pilot stocks. As a result, price informativeness of pilot stocks increases relative to that 

of non-pilot stocks. If our hypothesis is supported, we expect to observe a decrease in VC staging 

and syndication for startup ventures in the same industries of pilot stocks. The second event is the 

removal of the uptick rule for all stocks in 2007. Hence, price informativeness of non-pilot stocks 

increases compared to that of pilot stocks. We hence expect to observe a larger decrease in VC 

staging and syndication for startup ventures in the same industries of the pilot stocks after the pilot 

program was in effect and the difference in VC staging and syndication becomes insignificant after 

the uptick rule was removed for all stocks in 2007. We implement the DiD approach and estimate 

the following model: 

 
(4) 

where Y is VC staging and syndication variables at either venture- or round-level. The treatment 

group dummy, Treat, equals one if at least one of the largest 3 public firms in the same industry 
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of the startup venture is in the pilot group and zero otherwise. During takes the value of one if the 

observation is from November 2, 2005 to August 7, 2007, in which the stocks of pilot firms become 

more informative than those of non-pilot firms due to Regulation SHO, and zero otherwise. Note 

that the removal of the uptick rule for the pilot stocks was in effect in May 2, 2005. We choose 

November 2, which is 6 months after the removal date, as the beginning of the event period to 

allow enough time for short sellers to enter the market and affect stock price informativeness. Post 

takes the value of one if the observation is from August 7, 2007 to the end of 2012 in which the 

difference in price informativeness between pilot and non-pilot firms vanishes due to the removal 

of the uptick rule for all stocks. Controls contains a vector of control variables that is the same as 

in the baseline regressions.  

At the venture-level analyses, we restrict our DiD tests in a sample that contains 1,737 

startup ventures from industries with at least 15 ventures receiving the first round of financing both 

during the event period and in either the pre- or post-event period. At the round-level analysis, we 

require sample ventures to have at least one round both within and outside the event period, leaving 

4,487 rounds of VC financing.  

Table 4 reports the DiD test results with N_rounds, Skewness, R_amount, Syn, and N_VC 

as the dependent variable. The coefficient estimates of the interaction term Treat*During, the DiD 

estimators, exhibit signs that are consistent with our hypothesis and are statistically significant in 

four out of five regressions. Column (1) suggests that, during the SHO pilot program period, VC 

fund managers on average invest 0.7 fewer financing rounds for the ventures that are in the 

industries containing pilot stocks (and hence their stock prices become more informative) than 

those that are in the industries not containing pilot stocks. In column (3), we define the dependent 

variable, R_amount, as the natural logarithm of differences between the current round amount and 

the financing amount at round one. The result suggests that VC fund managers invest 10.1% (e0.096-

1) more in rounds for ventures from industries containing pilot stocks during the pilot program 

period. Columns (4) and (5) suggest that syndication probability and VC syndicate size for 

ventures that are in the industries containing pilot firms drop by 4.6% and 0.8, respectively.  

The coefficient estimates of Treat*Post is statistically insignificant, suggesting that there 

exists a reverting pattern in VC staging and syndication because of the removal of the uptick rule 

for all stocks when differences in stock price informativeness between pilot and non-pilot firms 

disappear. This observation is consistent with earlier findings, e.g., Fang, Huang, and Karpoff 
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(2015) who find that a similar reverting pattern in earnings management (the key outcome variable 

in their setting) after the removal of the uptick rule for all stocks.  

We perform a number of additional analyses to check the robustness of our main findings 

and obtain consistent results. We report the results in Appendix C.  

 

6. HETEROGENEITY AND INVESTMENT OUTCOMES 

In this section, we perform additional tests that explore heterogeneous effects of public 

market price informativeness and the consequences of VC learning in the 2SLS framework with 

the instrument constructed in Section 5.1.  

 

6.1 VC experience and learning 

Our findings so far suggest that VC fund managers rely less on staging and syndication to 

mitigate information asymmetry and venture uncertainty problems if they are able to learn more 

from public market prices in the same industries of their portfolio firms. In this section, we further 

informativeness on -

specific and general experience and expect them to have different effects on how VCs learn from 

stock prices. Specifically, we estimate the following model:  

 (5) 

In table 5, we report the second-stage regression results estimating equation (5). The key 

variable of interest is the interaction terms between the industry price informativeness measure 

and VC experience measures. We first examine how VC industry-specific experience alters our 

-specific experience by 

constructing a dummy variable, Exp_exitind, that equals one i

in the top quintile in terms of the number of successful exits in the same 3-digit SIC industry of 

the venture since 1962 and zero otherwise. We define a successful exit if a venture either goes 

public or is acquired, following existing VC literature. In the same spirit, we construct an 

alternative VC industry-specific experience dummy, Exp_IPOind

lead VC firm is ranked in the top quintile in terms of the number of IPOs in the same 3-digit SIC 

industry of the venture since 1962 and zero otherwise.  
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The coefficient estimates of Info exhibit signs that are consistent with those observed in the 

2SLS regressions as reported in Table 3. The key variable of interest, the interaction terms between 

-specific expertise, have significant and positive 

coefficient estimates in regressions with N_round, Syn and N_VC being the dependent variable, 

respectively, and have negative and significant estimates in regressions with Skewness being the 

dependent variable. The evidence suggests that the effect of price informativeness on VC staging 

and syndication is mitigated if the VC has more industry-specific experience. We observe a similar 

finding when the alternative VC industry-specific measure, Exp_IPOind, is used. Our findings 

-specific experience and her learning from public market 

prices are substitutes. If a VC fund managers know more about the industry from her own past 

experience, she relies less on the information contained in public market prices when making 

investment structure decisions. 

In Panel B

it, i.e., a dummy variable, Exp_exitgen, that equals one if the lead VC firm is ranked in the top 

quintile in terms of the number of successful exits since 1962 and zero otherwise. Similarly, we 

construct the dummy variable, Exp_IPOgen, that is based on the number of IPOs since 1962. The 

coefficient estimates of Info exhibit signs that are consistent with those observed in the 2SLS 

regressions. The key variable of interest, the interaction term between stock price informativeness 

, are generally not significant except for columns (1) and (2), 

appear to affect her learning from stock prices 

when making investment decisions.   

Our evidence on how a VC  experience affect her learning from stock 

prices suggests that industry-specific experience are more relevant than her general 

experience when the VC learns information from public market prices. As a result, VCs rely less 

on the information contained in public market prices when making staging and syndication 

decisions if they have more industry-specific experience than the scenario if they have more 

general experience in the VC industry.  

 

6.2 Geography and learning 

Tian (2011) argues that VC staging and monitoring are substitutes and finds that VCs 

located farther away from the entrepreneurial firms tend to rely more heavily on staging because 
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it is more costly for them to effectively monitor the ventures. Similarly, if a VC firm is located far 

away from its startup ventures, it is less costly for the VC to learn from public markets than 

physically visiting the distant ventures. Hence, we expect the effect of public market price 

informativeness on VC staging and syndication is more pronounced if the VC is physically more 

distant from the startup venture.  

To test this conjecture, we estimate equation (5) with the key variable of interest replaced 

with the interaction term between Info and distance measures. We construct two distance measures. 

The first measure, Samezip, is a dummy variable that equals one if a venture and its lead VC firm 

share the same zip code and zero otherwise. The second distance measure, Distant, is a dummy 

variable that equals one if the geographical distance between a venture and its lead VC is in the 

top decile (the longest decile) among all venture-VC pair distances and zero otherwise. We report 

the results in Table 6. 

The coefficient estimates of Info exhibit signs that are consistent with those observed in the 

2SLS regressions. The key variable of interest, the interaction term between distance variables and 

Info, are statistically significant in some specifications. For example, in column (2), the negative 

and significant coefficient estimate of Distant*Info suggest that VC fund managers located far 

away from their ventures rely more on information they could learn from public market prices 

when making staging decisions. In column (3), the coefficient estimates of Samezip*Info is 

negative and significant at the 1% level, suggesting that the effect of public market price 

if the VC and the startup venture are in the same zip code area.  

Overall, we find some evidence that VCs located farther away from ventures (and hence 

have a higher cost of collecting information about the venture and monitoring the venture) rely 

more on active learning from public market prices when making staging and syndication decisions. 

 

6.3 Investment riskiness and learning 

Our learning hypothesis suggests that VC fund managers learn actively from public market 

price to reduce costly staging and syndication. An underlying assumption is that the monitoring 

mechanisms and learning from public prices are substitutes. If learning becomes less reliable 

because the information and undertainty problems on their investments are severe and the ventures 

are very risky, VC fund managers would stick to the powerful, though expensive, staging and 
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syndication tools. Hence, we expect that the effect of public market price informativeness on VC 

staging and syndication is less pronounced when the ventures are more risky. 

To test this conjecture, we estimate equation (5) with the key variable of interest replaced 

with the interaction term between Info and two venture riskiness measures, respectively. The first 

measure, Intensive

in the top tercile of all industries and zero otherwise. The second riskiness measure, Early_dum, 

is a dummy variable that equals one if a venture is in its seed/startup or early stage when receiving 

the first/previous round of VC financing and zero otherwise. Our prior is that venture startups in 

early stages and from R&D-intensive industries are riskier investments for VC fund managers. 

Hence, VCs rely less on learning from public stock prices when making their staging and 

syndication decisions.  

Panel A of Table 7 reports the results with R&D intensity as the riskiness measure. The 

coefficient estimates of Info exhibit signs that are consistent with those observed in the 2SLS 

regressions in Table 3. The main variable of interest, the interaction term between Info and 

Intensive, are significant in four out of five columns, suggesting that the effect of public market 

price informativeness on staging and syndication is significantly mitigated for ventures from R&D 

intensive industries. Panel B reports the results with Info*Early_dum as the main variable of 

interest. We obtain significant coefficient estimates in three out of five regressions, which suggests 

that the price informativeness effect is less pronounced for ventures at their early stages when they 

receive the first round financing. 

 

6.4 Evidence on economic consequences 

Our last set of tests tries to a

public markets and investment structure decisions affect their investment outcomes? If VCs learn 

valuable information from public market prices and make optimal decisions on staging and 

syndication, we expect to observe that their investments are able to enjoy better outcomes. We 

measure investment outcomes by constructing a successful exit dummy that equals one if the 

venture either goes public (IPO) or is acquired by another company and zero otherwise. We test 

our conjecture by dividing our sample into a high-informativeness subsample and a low-price 

informativeness subsample, and estimating the following model using Probit regressions: 
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  (6) 

where InvStructure represents for VC investment structure variables, i.e., N_Round, Skewness, Syn, 

and N_VC. The high-informativeness subsample contains ventures in industries with average price 

nonsynchronicity ranking in the top decile (the highest decile) among all industries; and the low-

informativeventures subsample contains ventures in industries with average price 

nonsynchronicity ranking in the bottom decile. 

Table 8 reports the regression results on the effects of VC staging and syndication on the 

probability of successful exits across subsamples with different levels of price informativeness. 

We first explore the effects of VC staging and syndication in the full sample. Results in columns 

(1) and (4) of Panel A suggest that VC staging is positively associated to the likelihood of 

successful exits. The coefficient estimate of N_round in column (1) is positive and that of Skewness 

in column (4) is negative. Both coefficient estimates are significant at the 1% level, suggesting 

that a larger number of financing rounds and smaller investment amount upfront are positively 

associated with a higher probability of successful exits. In columns (1) and (4) of Panel B, the 

coefficient estimates of Syn and N_VC in the full sample are both positive and significant, 

suggesting that VC syndication is positively related to successful exits, consistent with the findings 

reported in Tian (2012). 

In subsample tests, we find that there is a significant and positive effect of VC staging on 

exit outcomes, both economically and statistically, for ventures in industries with more informative 

stocks in the public market, as shown in column (2) of Panel A. In contrast, column (3) reports 

that there is no such effect for ventures from low-informativeness industries. The difference is 

significant at the 1% level.7 We observe similar patterns for the coefficient estimates of Skewness 

across two subsamples, for which the magnitude of the estimate is significantly larger for ventures 

from more informative industries than those from less informative industries and the difference is 

significant at the 1% level, as reported in columns (5) and (6) of Panel A. These findings suggest 

that VC staging is more effective when VC fund managers are able to learn more information from 

the public market prices.  

                                                 
7 Assuming equal disturbance variances for the Probit models in the high- and low-informativeness subsamples, we 
use a Wald chi-square test for the significance of the difference between coefficient estimates of the staging and 
syndication variables. 
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Panel B reports subsample results on VC syndication. Similarly, we find that the effects of 

syndication on ventures  successful exits are stronger in the high-informativeness subsample. The 

difference is significant at the 1% level for Syn, the syndication dummy, suggesting VC 

syndication are more powerful when VC fund managers could learn information from public stock 

prices more effectively.  

In this subsection, we find that the positive effect of VC staging and syndication on a 

successful exit probability is more pronounced when the public market prices are more 

informative. Hence, if VCs are able to learn information from public stock prices more effectively, 

tools used by VC investors (i.e., staging and syndication) are more powerful when contributing 

the success of their ventures. 

 

7. CONCLUSION 

In this paper, we have examined the real effects of financial markets from the perspective 

of VC investors, an important market player that promotes entrepreneurship. We postulate that 

VCs actively learn information contained in public market prices when making investment 

decisions. When public market prices are more informative, VCs are less likely to stage finance 

startup ventures and to syndicate with other VCs to save the costs associated with staging and 

syndication. This effect is more pronounced when VCs are lack of industry-specific expertise, VCs 

are physically distant from their ventures so that collecting soft information is costly, and their 

investments are less risky. 

we show that our results are unlikely driven by endogeneity concerns. Our paper sheds new light 

on the real effects of financial markets by showing that private equity investors actively learn 

information from public equity markets  
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Variable Mean P25 Median P75 STD 
Panel A: VC staging and syndication 
# of financing rounds 3.82  2.00  3.00  5.00  2.93  
# of VC investors 4.86  2.00  4.00  6.00  4.07  
Inter-round duration (months) 14.90  5.06  9.83  17.16   19.76  
Funding amount per round (mil.) 12.25  1.04  3.93  10.00  67.21  
Total funding across rounds (mil.) 38.38  5.00  15.39  39.50  98.63  
Panel B:  firms  
Early stage at round one 0.57  0.00  1.00  1.00  0.50  
Inv. amount at round one (mil.) 11.53  1.25  3.50  9.00  28.81  
Firm age at round one 7.08  1.00  2.00  6.00  12.41  
Panel C: Benchmark Industries (1-year prior to round one) 
Price nonsynchronicity 2.22  1.79  2.24  2.68  0.70  
Amihud illiquidity ratio (x1000) 0.007  0.001  0.002  0.006  0.013  
Tobin's Q 6.39  4.04  5.45  7.19  4.44  
R&D/assets (%) 10.26  3.44  8.70  15.69  8.41  
Asset tangibility (%) 21.19  12.28  17.07  26.03  13.06  
Market cap (billions) 3.43  0.50 1.29  2.50  6.32  
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N_round 

(1) 
Skewness 

(2) 
 

(3) 
Prob. Syn 

(4) 
N_VC 

(5) 
Info      
      
Ind_Q      
      
Ind_RD      
      
Ind_tangi      
      
Ln_age      
      
Early_dum      
      
Ln_amt1st      
      
Acq_dum      
      
IPO_dum      
      
Constant      
      
Lead VC FE     Y 

Year FE     Y 

Industry FE     Y 
State FE     Y 
Rounds FE     N 
      
Observations     13,185 
Adj./Pseudo R2     0.307 
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Industry FE      
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Observations      
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Panel A: VC staging and syndication in R&D intensive industries 
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N_round 
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Panel B: VC staging and syndication for ventures at their early-stages 
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Panel A: Price informativeness and the effects of VC staging on exits 

 N_round Skewness 
 (1) (2) (3) (4) (5) (6) 
Sample=       
Staging var.       
       
Ind_Q       
       
Ind_RD       
       
Ind_tangi       
       
Ln_age       
       
Early_dum       
       
Ln_amt1st       
       
VC Exp. Control       
Industry FE       
State FE       
       
Wald test for 
diff. in staging var.   

Observations       
Pseudo R2       
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 (1) (2)  (4) (5)  
Sample=       
Syn. var.       
       
Ind_Q       
       
Ind_RD       
       
Ind_tangi       
       
Ln_age       
       
Early_dum       
       
Ln_amt1st       
       
VC Exp. Control       
Industry FE       
State FE       
       
Wald test for 
diff. in syn. var.   

Observations       
Pseudo R2       
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We follow the following steps to construct our instrument variable Ln_canc_days, the natural logarithm 

value of annul flight-cancellation-days: 

1) We download the airline on-time performance data from the website of Bureau of Transportation 

Statistics, US Department of Transportation.8 The dataset contains information on flight delays, cancellations 

and diversions due to weather, air traffic, security, and airline reasons for 14 US airlines that have at least 1% of 

total domestic scheduled-service passenger revenues since 1988. For each airport, if at least 20% of inbound and 

outbound flights in one day are cancelled due to reasons mentioned above, we label that day as an flight-

cancellation day that pre -site visits.  

2) We assign each firm and following analysts the closest commercial airports from their offices, in which 

the firm-airport and analyst-airport geographical distances are calculated by the great circle distance formula  

3963*arccos(sin(latitude1)sin(latitude2)+cos(latitude1)cos(latitude2)cos(longitude1-
longitude2)  

with hand-collected analyst office zip codes data, firm headquarter zip codes information from Compustat, 

geological coordinates information for zip codes from CivicSpace US ZIP Code Database, 9  and airport 

coordinates from OpenFlights.org.10 The analysts following the public firms are obtained from the IBES dataset. 

3) After merging firm and analyst airport data from Step 2 with airport flight-cancellation data from Step 

1, we count the number of flight-cancellation days in each calendar year for each public firm-analyst pair. Lastly, 

the number of flight-cancellation days are averaged across analysts following the firm to compute firm-level 

annual cancellation days, then averaged across firms and taken natural logarithm of to compute the industry-

level annual flight-cancellation-days, Ln_canc_days. 

                                                 
8 Website: http://www.transtats.bts.gov/DL_SelectFields.asp?Table_ID=236&DB_Short_Name=On-Time. 
9 Webste: http://www.boutell.com/zipcodes/. 
10 Website: http://openflights.org/data.html. 
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We perform a number of additional analyses to check the robustness of our 2SLS results in this appendix. 

All these robustness check tests are undertaken in the 2SLS framework using the instrument discussed in Section 

5.1. 

 

C.1. Alternative measurement horizons for price nonsynchronicity 

In the baseline regressions, our main price informativeness measure is calculated using stock price 

information in the calendar year prior to the first VC financing round. To check whether our results are sensitive 

to the construction of this measure, we construct the price informativeness measure using an alternative 

measurement horizon, i.e., 250 trading days prior to the first or previous round of VC financing. Table A1 Panel 

A reports the results using this alternative price informativeness measure. The results are qualitatively the same 

as in the 2SLS regression tests with higher significance levels. The magnitudes of the coefficient estimates of 

Info are similar. In unreported analyses, we re-run the baseline 2SLS tests with 3-year and 5-year measurement 

horizons prior to the first round of VC financing and obtain consistent results. 

 

C.2 Alternative proxies for price informativeness 

The probability of information-based trading, PIN, developed by Easley, Kiefer, 

1997a, 1997b) is a widely used price informativeness proxy in the literature (e.g., Chen, Goldstein, and Jiang, 

2007; Vega, 2006; Easley, Hvidkjaer, PIN measure captures the probability of informed 

trading in a stock. Hence, a higher PIN suggests that stock prices incorporate more private information and stock 

prices are more informative. Duarte and Young (2009) further decompose the original PIN measure into an 

asymmetric information component and an illiquidity component. They develop a modified PINDY measure for 

the asymmetric information component: 

 (A1) 

where d is the probability that informed traders receive a positive signal if an event with private information 

happens,  and denote the arrival rate of informed buyers and sellers, respectively.  and  denote the 

probabilities that a symmetric order shock occurs with/without private information arrival.  and  are 

additional arrival rates of buyers and sellers with symmetric order flow shocks. 

Panel B of Table A1 reports the regression results estimating equation (3) with PINDY as an alternative 

price informativeness measure. The coefficient estimates of PINDY exhibit consistent signs with those reported 

in Table 3 and are statistically significant in all columns, suggesting that more informative public stock prices 

are associated with less VC staging and syndication. In unreported analyses, we use the original PIN measure as 

defined in Easley, Hvidkj  
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C.3 Controlling for liquidity effects 

Exiting literature suggests that besides stock price informativeness, stock liquidity plays important roles 

and has real effects on firms such as on shareholder activism (Norli, Ostergaard, and Schindele, 2015), 

innovation (Fang, Tian, and Tice, 2014), and takeovers (Roosenboom, Schlingemann, and Vasconcelos, 2014). 

In addition, as argued by Duarte and Young (2009) and Lai, Ng, and Zhang (2014), the widely-tested PIN 

information measure. To address these concerns, we directly control for a well-received liquidity proxy, the 

Amihud (2002) illiquidity ratio, to distinguish between the liquidity effect and the information effect we meant 

to examine.  

Panel C of Table A1 reports the regression results estimating equation (3) with Amihud (2002) illiquidity 

ration included. The evidence shows that our baseline results are robust after controlling for the liquidity effect. 

We still observe a significant price informativeness effect in all regressions. The Amihud (2002) illiquidity proxy, 

Ind_illiq, does not show consistent and significant effects in VC staging and syndication regressions. 
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Panel A: Alternative measurement horizon 
 (1) (2) (3) (4) (5) 
  N_round Skewness  Prob. Syn N_VC 
Info250d      
      
Ind_Q      
      
Ind_RD      
      
Ind_tangi      
      
Ln_age      
      
Early_dum      
      
Ln_amt1st      
      
Acq_dum      
      
IPO_dum      
      
Constant      
      
Lead VC FE      
Year FE      
Industry FE      
State FE      
Rounds FE      

      
Observations      
Adj./Pseudo R2      
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Panel B: Alternative informativeness measure 
 (1) (2) (3) (4) (5) 
  N_round Skewness  Prob. Syn N_VC 
PINDY      
      
Ind_Q      
      
Ind_RD      
      
Ind_tangi      
      
Ln_age      
      
Early_dum      
      
Ln_amt1st      
      
Acq_dum      
      
IPO_dum      
      
Constant      
      
Lead VC FE      
Year FE      
Industry FE      
State FE      
Rounds FE      
      
Observations      
Adj./Pseudo R2      
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Panel C: Control for liquidity effects 
 (1) (2) (3) (4) (5) 
  N_round Skewness  Prob. Syn N_VC 
Info      
      
Ind_illiq      
      
Ind_Q      
      
Ind_RD      
      
Ind_tangi      
      
Ln_age      
      
Early_dum      
      
Ln_amt1st      
      
Acq_dum      
      
IPO_dum      
      
Constant      
      
Lead VC FE      
Year FE      
Industry FE      
State FE      
Rounds FE      
      
Observations      
Adj./Pseudo R2      
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