


million) more in the � rst round and decrease their
probability of forming a syndicate to � nance a startup
by 5.8%. The size of the syndicate drops by 0.3 VCs,
which is 5.5% of the mean syndicate size. These� nd-
ings suggest that there likely exists a causal link be-
tween public market price informativeness and VC in-
vestment structure.9

4.2.2. Instrument Based on Airport Shutdowns. To en-
sure the results we documented previously are robust,
besides NMFHS, we construct a second instrument



at the 1% level in the � rst stage, suggesting that airport
shutdowns signi � cantly reduce price informativeness.
The t statistic is 6.2, and the F statistic is 38.3, which is
much larger than the critical values from the Stock and
Yogo (2005) weak instrument test. This suggests that our
analyses do not have weak instrument problem. In the
second-stage regressions reported in columns (2)–(5), we
observe signi� cant coef� cient estimates on the instru-
mented Info with signs consistent with those reported in
Table 2.11 Hence, using this alternative instrument, we
continue to � nd a negative and causal link between stock
price informativeness and VC staging and syndication.

4.3. Heterogeneity Tests
To further strengthen the causal link between VC learning
and their investment structures, we perform a few tests
that explore the heterogeneous effects of public market
price informativeness on VC staging and syndication in
the 2SLS framework, using NMFHS as the instrument.

4.3.1. Geographical Distance. Tian (2011) � nds that
VC investors located farther away from the startup
� rms tend to rely more heavily on staging because
close proximity makes it less costly for them to visit
the startups to directly collect information and moni-
tor them. Similarly, if a VC investor is located far

away from its startup � rms, it would be more costly
for the VC to physically visit the distant startups to
collect information than learning information from
the public market. Hence, the VC should rely more on
the information she learns from the public market.
Based on this rationale, we expect that the effect of
public market price informativeness on VC staging
and syndication is less pronounced if the VC is locat-
ed close to the startup.

To test this conjecture, we estimate the following
model:

Y
j,t( )

i � a+ bInfo j,tŠ1( ) � Shortdisti + cInfo j,tŠ1( )

+ dShortdisti + eControlsi + � i (4)

where Shortdist is a dummy that equals one if the
startup and its leading VC are in the same state and
zero otherwise. The key variable of interest is the in-
teraction term between Info and Shortdist.

We useNMFHS and NMFHS*Shortdistas the instru-
ments to undertake 2SLS regressions. Table5 reports
the second-stage regression results. The coef� cient es-
timates on the instrumented Info exhibit signs that are
consistent with those observed in Table 3. The coef� -
cient estimates on the key variable of interest, the in-
strumented Info*Shortdist, are statistically signi � cant

Table 4. Endogeneity Tests with an Alternative IV

First stage
Second stage

(1)
Info

(2)
N_round

(3)
Skewness

(4)
Prob. Syn

(5)
N_VC

Shutdown Š0.060***
(0.010)

�Info Š2.536* 42.249** Š0.369*** Š1.131***
(1.517) (15.810) (0.105) (0.419)

Ind_Q Š0.003*** Š0.016*** 0.241 Š0.002** Š0.020***
(0.001) (0.006) (0.150) (0.001) (0.007)

Ind_ret Š0.111*** Š0.210 2.542 Š0.024 Š0.093
(0.019) (0.199) (2.226) (0.023) (0.167)

Ind_RD 1.658*** 2.683 Š68.310* 0.677*** 3.732***
(0.110) (2.520) (37.102) (0.184) (0.576)

Ind_tangi 1.334*** 2.044 Š46.332 0.441*** Š1.028*
(0.284) (2.300) (34.586) (0.125) (0.523)

Ln_age Š0.006* Š0.318*** 8.898*** Š0.054*** Š0.530***
(0.003) (0.038) (0.633) (0.005) (0.053)

Ln_amt1st Š0.002 Š0.267*** 0.017*** 0.050**
(0.003) (0.034) (0.003) (0.022)

Lead VC � xed effects Yes Yes Yes No Yes
Year-quarter � xed effects Yes Yes Yes Yes Yes
Industry � xed effects Yes Yes Yes Yes Yes
State � xed effects Yes Yes Yes Yes Yes
Observations 10,326 10,326 7,876 10,326 10,326

Notes. This table reports the 2SLS instrumental variable regression results on the effect of stock price informativeness in the public market on VC
staging and syndication. The instrumental variable is the natural logarithm of average number of days when analysts having dif � culties in
paying on-site visits to public � rms in the same industry of a startup due to severe � ight cancellations (de� ned as more than 20% of inbound and
outbound � ights are cancelled) caused by weather or operational conditions either in the airports closest to the � rm’s headquarters or closest to
the analysts’ of� ces. Other variables are de� ned as in Table 2. See Appendix A for de� nitions of variables. Marginal effects are reported for the
Synregressions. Standard errors reported in parentheses are adjusted for heteroscedasticity.

***, **, and * indicate signi � cance at the 1%, 5%, and 10% levels, respectively.

Liu and Tian: Do Venture Capital Investors Learn from Public Markets?
7284 Management Science, 2022, vol. 68, no. 10, pp. 7274–7297, © 2021 INFORMS

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [2

40
2:

f0
00

:5
:4

80
1:

1d
fb

:1
64

3:
ad

e9
:f8

4f
] o

n 
21

 F
eb

ru
ar

y 
20

23
, a

t 0
0:

08
 . 

F
or

 p
er

so
na

l u
se

 o
nl

y,
 a

ll 
rig

ht
s 

re
se

rv
ed

. 



and exhibit signs opposite to those on the instru-
mented Info in the N_round, Skewness, and N_VC re-
gressions. For example, in column (1), the positive
and signi � cant coef� cient estimate on the instru-
mented Info*Shortdistsuggests that VC investors locat-
ed close to their startups rely less on the information
they learn from public market stock prices when mak-
ing staging decisions. Overall, we � nd consistent evi-
dence that the effect of VC learning from the public
market on staging and syndication is less pronounced
if they are located closer to their startups and hence
have a lower cost of collecting information by visiting
their portfolio � rms.

4.3.2. Firm Comparability. Our learning hypothesis
suggests that VC investors learn actively from public
market stock prices to reduce costly staging and syn-
dication. However, if the collected information is less
reliable, VC investors would stick to the powerful, al-
though expensive, staging and syndication tools. Spe-
ci� cally, in an industry with low comparability among
� rms, VC investors should � nd that information they
learn from stock prices of public � rms is less useful
and reliable compared with that from industries in
which private and public � rms are similar in nature.
Hence, we expect that the effect of public market price

informativeness on VC staging and syndication is less
pronounced in industries consisting of more heteroge-
neous � rms.

We use the industry R&D expense ratio as a proxy
for the comparability of � rms within an industry.
R&D intensive industries are characterized by more in-
vestment in innovation, technologies, and intangible as-
sets, making it harder to compare one � rm with another.
We de� ne an intensive R&D dummy, HRD, which
equals one if the R&D spending in a startup ’s industry
is in the top half among all industries, and zero other-
wise. We then estimate Equation (4) with the key vari-
able of interest replaced with the interaction term be-
tween Info and HRD to test the effect of industry
comparability on VC learning. The instrume7y-





We postulate that a plausible piece of valuable infor-
mation contained in public market stock prices that VC
investors actively learn is the IPO prospects of their
startup � rms. According to the model of Chemmanur
and Fulghieri ( 1999) on a startup’s going-public deci-
sion, when a startup decides to go public, it faces a
tradeoff between enjoying a stronger bargaining power
against many small investors from the public market
(as opposed to a single private market investor) and
bearing a higher cost of information production (be-
cause many investors produce duplicated information
and the information production cost is eventually born
by the startup). Hence, when stock prices are more in-
formative in the public market and outsiders ’ cost of
producing information about the startup in an industry
is lower, the startup is more likely to go public.

Speci� cally, in our empirical setting, Info measures
the volume of information outsiders can obtain from
the public market, and hence captures a startup’s IPO
prospect. To examine the IPO prospect channel, we
undertake two tests that explore how IPO-related var-
iation alters our main results.

We � rst test the IPO prospect channel by comparing
the effect of stock price informativeness of recently
going-public � rms on VC staging and syndication to
that of � rms going public earlier. Because the prices of

recently going-public � rms in the same industry con-
tain more relevant information on the going-public
prospect, we expect that VC investors respond more
to the informativeness of these � rms’ stock prices
when determining staging and syndication.

Speci� cally, we re-estimate our main speci� cation
in Equation ( 3) with the 2SLS framework using
NMFHS as the instrument in two subsamples. In the
Recentsubsample, Info is estimated with stock returns
of � rms in the same industry of the startup with a list-
ing history ranking in the bottom quartile (i.e., the
most recent listings) among all public � rms. In the
Distant subsample, Info is estimated with stock returns
of � rms with a listing history ranking in the top quar-
tile (i.e., the most distant listings). Table 8 reports the
second-stage regression results. In general, we ob-
serve a negative and signi� cant relation between the
instrumented Info and VC staging (N_round and Skew-
ness) and syndication ( Syn and N_VC) in the Recent
subsample and no such effect in the Distant subsam-
ple. The differences in the coef� cient estimates on the
instrumented Info between the two subsamples are
statistically signi � cant at the 1% level in the N_round,
Skewness, and N_VC regressions. In Syn regressions,
although the difference is not signi � cant, the magni-
tude of the estimate in the Recentsubsample is around

Table 7. Round-Level Evidence

Baseline regressions IV regressions: Second stage

(1)
R_amount

(2)
Duration

(3)
R_amount

(4)
Duration

Info Š0.0003 3.080***
(0.028) (0.400)

�Info 0.652*** 47.028***
(0.206) (3.308)

Ind_Q 0.003 Š0.073*** 0.000 Š0.258***
(0.003) (0.021) (0.003) (0.041)

Ind_ret Š0.003 Š0.936*** Š0.155*** Š9.575***
(0.032) (0.324) (0.056) (0.925)

Ind_RD 0.599** Š9.388*** Š0.103 Š50.312***
(0.265) (3.267) (0.332) (6.969)

Ind_tangi Š0.133 62.270*** Š0.578 35.914***
(0.389) (5.655) (0.419) (8.716)

Ln_age Š0.291*** Š29.542*** Š0.274*** Š26.669***
(0.033) (0.778) (0.035) (0.958)

Lag_ramt 0.003 0.003
(0.009) (0.009)

Lag_duration Š0.189*** Š0.167***
(0.017) (0.018)

Year-quarter � xed effects Yes Yes Yes Yes
Firm � xed effects Yes Yes Yes Yes
Observations 28,754 24,971 28,699 24,921

Notes. This table reports the 2SLS regression results on the effects of stock price informativeness in the public market on VC round amounts and
durations. The sample consists of 31,219 VC follow-on investment rounds between 1980 and 2012. The independent variables are the natural
logarithm of the dollar amount of a round in thousands, and the duration in months from a funding date to the next funding date. The NMFHS
instrument is used in IV regressions. See Appendix A for de� nitions of variables. Standard errors reported in parentheses are adjusted for
heteroscedasticity and clustering at the startup level.

***, **, and * indicate signi � cance at the 1%, 5%, and 10% levels, respectively.

Liu and Tian: Do Venture Capital Investors Learn from Public Markets?
Management Science, 2022, vol. 68, no. 10, pp. 7274–7297, © 2021 INFORMS 7287

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [2

40
2:

f0
00

:5
:4

80
1:

1d
fb

:1
64

3:
ad

e9
:f8

4f
] o

n 
21

 F
eb

ru
ar

y 
20

23
, a

t 0
0:

08
 . 

F
or

 p
er

so
na

l u
se

 o
nl

y,
 a

ll 
rig

ht
s 

re
se

rv
ed

. 



10 times of that in the Distant subsample. The result of
this analysis is consistent with our prior that VC in-
vestors are learning information on IPO prospects
from recently going-public � rms when determining
the investment structures in their portfolio � rms.

Our second test on the IPO prospect channel is
based on the conjecture that there is a substitution be-
tween VC investors’ own IPO experience and the in-
formation they could learn from the public market.
The rationale is that, if VC investors are learning infor-
mation about the IPO prospects of their startup � rms
from public market stock prices in the same industry
as we proposed, VC investors with lots of experience
in IPOs could have other information resources and
hence rely less on the information extracted from the
public market. Put differently, with abundant prior
IPO experience, VC investors have more information
sources other than the public market on the IPO pros-
pects of their portfolio � rms and may be able to use











Appendix B. Data and Procedures for IV
Construction and Additional
Endogeneity Tests

B.1. Mutual Fund Hypothetical Sales Instrument
We follow the procedures proposed by Edmans et al. ( 2012)
and Dessaint et al. (2019) to construct the frequency-based

NMFHS instrument based on industry-level mutual fund hy-
pothetical sales. For the convenience on comparing the
NMFHS instrument with the instrument used by Edmans
et al. (2012) and Dessaint et al. (2019), we also describe the
procedures to estimate their intensity-based proxy, MFHS.

First, in each quarter t, we estimate the net in� ow by
each nonspecialized U.S. mutual fund i using the CRSP

Table A.1. (Continued)

Variable name Definition

R_amount The natural logarithm of the dollar amount of a round in thousands.
Duration The duration in months from a funding date to the next funding date.
Info The industry public market stock price nonsynchronicity measure, de � ned as ln((1Š R2)/ R2). R2 is the industry average

of R-squared obtained by regressing daily stock returns on market and industry returns.
PINDY The industry average of probability of information-based trading, as de � ned in Duarte and Yong ( 2009).
Ind_Q The industry average of Tobin ’s Q, calculated as the market value of equity plus long-term liability, divided by total

assets plus long-term liability.
Ind_ret The industry average of stock returns in excess of market returns.
Ind_RD The industry average of R&D expenses ratio, calculated as the R&D expenses divided by total assets.
Ind_tangi The industry average of the asset tangibility ratio, calculated as property, plant and equipment divided by total assets.
Ln_age The natural logarithm value of startup age, de � ned as the number of years since the startup’s inception.
Ln_amt1st The natural logarithm value of the � rst round investment amount in thousand dollars.
Amihudx1000 The industry average of the Amihud ( 2002) illiquidity ratio, multiplied by 1,000.
NMFHS The industry average of the number of mutual fund hypothetical sales.
MFHS The industry average of the magnitude of mutual fund hypothetical sales.
Shutdown The natural logarithm of average days in a year when there are severe � ight cancellations either in the airports closest to

the � rm’s headquarters or closest to the of� ces of the � nancial analysts covering the � rm.
IPOexp A dummy variable that equals one if the startup ’s lead VC ranks in the top half by the number of IPOs in the same two-

digit SIC industry from 1962 to the date of the � rst round of � nancing, and zero otherwise.
Shortdist A dummy variable that equals one if the startup and its leading VC are in the same state, and zero otherwise.
HRD A R&D expense dummy variable that equals one if the R&D spending in a startup ’s industry ranks in the top half

among all industries, and zero otherwise.
N_VCstartup The total number of investment rounds made by all new VC-startup pairs in an industry.
N_startup The number of new startups � nanced by VCs in an industry.
N_ttlround The number of investment rounds made by all VCs in an industry.
Ind_std The industry average of stock return standard deviation.

Figure B.1. (Color online) Frequency and Intensity of Mutual Fund Hypothetical Returns and Stock Returns
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Notes. This � gure plots the average cumulative abnormal returns (CARs) for stocks sorted by the frequency of mutual fund hypothetical sales
(NMFHS) and the magnitude of these sales (MFHS). The annual MFHS measure is calculated using the method suggested by Edmans et al.
(2012) and Dessaint et al. (2019). Annual CARs in percentage are estimated by subtracting the CRSP equal-weighted index returns from stock re-
turns from 1979 to 2011. Stocks are sorted into quintiles based on the absolute value ofNMFMS (MFHS), and the mean CAR for each quintile is
plotted.
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survivor-bias-free mutual fund database:

Flowi,t �
TNAi,t Š TNAi,tŠ1 � ( 1 + Returni,t )

TNAi,tŠ1
:

Because mutual fund shares could be offered in different
classes, we estimate the fund-level total net asset,TNAi,t ,
by aggregating class-level total net asset, TNAk,t , across
share classes k, and calculate fund-level gross returns,
Returni,t , as the value-weighted returns.

Next, we use quarterly mutual fund shareholding data
from CDA Spectrum/Thomson to estimate the normalized
hypothetical sales of stock m from a mutual fund p that
experienced an extreme fund out� ow (Flow� Š 0:05) in
quarter t:

MFHSm,p,t �
Flow�Š 0:05

p,t � Sharesm,p,tŠ1 � PRCm,tŠ1

Volm,t

where Flow�Š 0:05
p,t is the net in� ow of fund p in quarter t;

Sharesm,p,tŠ1 is the number of stock m held by fund p at the
end of quarter t Š1; PRCm,tŠ1 is the closing price of stock m
at last quarter end; and Volm,t is the dollar trading volume
for stock m in quarter t.

Third, in a given year, the frequency and intensity of
hypothetical mutual fund sales for stock m are calculated
by aggregating quarterly sales from the P mutual funds
that held the stock and experienced an extreme out� ow
during the quarter:

NMFHSm �
� 4

t� 1

� P

p� 1

IMFHSm,p,t<0,

MFHSm �
� 4

t� 1

� P

p� 1

MFHSm,p,t ,

where t corresponds to the four quarters in the year;
and IMFHSm,p,t<0 is an indicator variable that equals one
if MFHSm,p,t < 0 and zero otherwise. By construction,
NMFHSm counts the number of fund-quarters with mutual
fund hypothetical sales of stock m caused by extreme fund
out� ows across the year, and MFHSm measures the aggre-
gate size of these sales.

Finally, we average NMFHSm and MFHSm across � rms
in an industry to calculate the corresponding industry-
level mutual fund hypothetical sales measures NMFHS
and MFHS for the year.

To compare the impacts of NMFHS and MFHS on stock
price levels, we sort all stocks that are affected by mutual
fund hypothetical sales into quintile portfolios based on
these two measures and calculate the annual average cu-
mulative abnormal returns (CARs) for each portfolio.
CARs are estimated by subtracting the CRSP equal-
weighted index returns from stock returns. For the stocks
that are affected by mutual fund sales, prices increase
slightly by 0.36%. As shown in Figure B.1, the prices of
stocks ranking in the top quintile among all affected
stocks (experiencing the largest MFHS) drop by 5.79%,
which is consistent with � ndings in the literature. In con-
trast, the price increase for stocks ranking in the top quin-
tile by NMFHS is only 0.89%, and more trivial in other
quintiles, suggesting the frequency-based instrument is
likely to have very small impacts on price levels.

B.2. Airport Shutdown Instrument
We follow the following steps to construct our instrumen-
tal variable, Shutdown, the natural logarithm value of an-
nul � ight-cancellation-days:

(1) We download the airline on-time performance data
from the website of Bureau of Transportation Statistics, U.S.
Department of Transportation. 15 The data set contains infor-
mation on � ight delays, cancellations, and diversions because
of weather, air traf � c, security, and airline reasons for 14 U.S.
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 � ights in one day are
cancelled because of the reasons mentioned previously, we
label that day as an � ight-cancellation day that prevent ana-
lysts’ � 77�7513(i.3(3(u.5(513((r)2.7an2)Tj
/Fd)7368
1.960)-4 TD
(1)]TJ
/F(-)3769 .7524
960s)0854
-.012��)908513(�r)2.7an2�

http://www.boutell.com/zipcodes/
http://www.boutell.com/zipcodes/
http://openflights.org/data.html







	s1
	s2
	s3
	s3A
	s3B
	s3B1
	s3B2
	s3B3
	s3C
	s4
	s4A
	TF1
	s4B
	s4B1
	TF100
	s4B2
	TF2
	TF3
	s4C
	s4C3
	TF4
	TF5
	s4C4
	TF6
	TF7
	s4D
	s4D5
	s4D6
	s5
	TF8
	TF9
	TF10
	TF11
	TF12
	TF13
	s6
	TF14
	TF15
	s7
	s8
	TF16
	TF17
	s9A
	s9B
	s10A
	s10B
	s10C
	TF18
	TF19

