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Abstract

Policy makers typically interpret positive relations between venture capital and innovation
as an evidence that venture capital investments stimulate innovation (VC-Þrst hypothesis).
This interpretation is, however, problematic because there may be a reverse causality that
innovation spurs venture capital (innovation-Þrst hypothesis): an arrival of new technology
increases demands for venture capital by driving newÞrm startups. We analyze this causality
issue of venture capital investments and innovation in the US manufacturing industry using total
factor productivity (TFP) growth as a measure of innovation. Evidence is mixed. Using a panel
AR regression, weÞnd that innovation signi Þcantly leads venture capital investment but not
the other way around. However, if we allow for a presence of unobservable factors that inßuence
innovation and venture capital investment simultaneously, past venture capital investments are
positively and signiÞcantly related to innovation.
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1 Introduction

Policy makers who aim to stimulate economic growth often attempt to create or expand venture

capital industry. These attempts include Yozma program in Israel, Small Business Investment

Company (“SBIC”) program in the United States, and various initiatives to create stock markets

where listing requirements are less stringent than traditional markets.1 There are two common

rationales for this attempt; one is that venture capitalists mitigate a problem of underinvestment

in innovative activities by small and new Þrms (Hall, 2002) and the other is that venture capitalists

can help newÞrms to grow fast and become proÞtable (Sahlman, 1990). Thus, creating infrastruc-

ture for and subsidizing venture capitalists are supposed to make moreÞnancial and managerial

resources available for thoseÞrms than otherwise and thereby encourage innovations (see, for in-

stance, European Commission 1995 for Europe and Venture Enterprise Center 1991 for Japan).

There are indeed both ad hoc and academic evidence suggesting thatÞrms grow fast and overcome

the problem of underinvestment in innovative activities if they are backed by venture capitalists.

At micro level, Hellmann and Puri (2000) and Engel (2002)Þnd that venture capital backed Þrms

grow faster than their industry counterparts. Rapid growth also characterizes venture-backedÞrms

in Japan (Suzuki 1996). Regarding innovation, Kortum and Lerner (2001)Þnd that patents granted

to venture capital backed companies are cited more often than other patents suggesting that ven-

ture capital backed companies are engaged in important innovative activities. At industry level,

Kortum and Lerner Þnd that in the U.S. venture capital investment account for patent count dis-

proportionately relative to R&D expenditures. Using German data, Tykova (2000) also Þnds the

positive relation between venture capital investment and patent application.2

A common interpretation of the results found in literature cited above is that venture capital

(“VC”) spurs growth and innovation of new Þrms. Hereafter, We call this view the VC-first hy-

1Black and Gilson (1998) argue that stock markets facilitate exits of venture capitalist supporting creation of stock
market segments for youngÞrms.

2There are other evidences that support the role of venture-backedÞrms in driving innovations and growth.
According to NVCA (1998), 80% of venture capital investment is towards high-tech industries such as computers,
communications, medical and health, and biotechnology.
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pothesis. This interpretation is one-sided however, because there may be an opposite causality;

when there arise abundant opportunities for newÞrms to innovate and/or to grow fast, these Þrms

demand venture capital investments and as a consequence venture capital markets grow because

venture capitalists are complementary assets for suchÞrms.3 Such opportunities frequently arise

when signiÞcant innovations arrive. There are two reasons for this. First, an arrival of a substantial

innovation may create business opportunities and triggerÞrm startups. For instance, a drastic cost

reduction in computer industry enlarged the scope of computer users, not only professional users

but also individual customers. Due to this expansion of the market, a number of new computer

manufacturers such as Apple, and Dell, emerged and entered the market that used to be dominated

by IBM. Second, there are numerous literature from industrial organization which argues that en-

trant Þrms are more likely to innovate than establishedÞrms when the scale of potential innovation

is large. Thus, arrival of signiÞcant innovation is supposed to be positively associated with new

Þrm entries. (Gans and Stern, 1998, Gilbert and Newbery, 1982, and Reinganum, 1983) Therefore,

venture capital market may grow because innovation spurs newÞrm start-up. On contrast to the

VC-Þrst hypothesis, we call this viewinnovation-first hypothesis.

Another problem involved in interpreting the previous results as an evidence of the VC-Þrst

hypothesis is simultaneity. There may be unobservable variables and they may a��ect both VC

3The complementarity between newÞrms and venture capital may arise from various sources. First, a venture
capitalist typically specializing in a narrow set of businesses and therefore may have an advantage in evaluating the
businesses accurately. This accurate evaluation may lessen the cost associated with asymmetric information. (Leland
and Pyle ,1979 and Chan 1983) Second, venture capital may have a highßexibility in Þnancial instruments because
venture capital industries are relatively free from regulations. The Þnancial instrument most commonly used by
venture capital is convertible debts. Such equity instruments are not allowed for banks for instance. Cornelli and
Yosha (1997) show how convertible debts can lessen the entrepreneur’s incentive to engage in “window dressing” or
short-termism. Third, not only Þnancing portfolio Þrms, venture capital often supplies theÞrms with other resources
essential to newÞrms. Those resources consist of legal and marketing expertise and are invaluable for newÞrms
whose assets typically consist of their blueprints of prospective projects alone. NewÞrms typically lack many types of
resources that largeÞrms internalize by taking advantage of their scale economy and business history. For instance,
Lerner (1994) Þnds that venture-backed Þrms are more likely to make lawsuits related to trade secrecy infringement
and suggests that venture capitalists actively help portfolio Þrms with these legal issues. Hellman and Puri (2000)
Þnd that venture-backed Þrms can bring their products to the market faster than other non-venture-backedÞrms can
suggesting venture capitalists can help newÞrms to Þnd marketing channels and customers.
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investment and TFP growth. For instance, as pointed out by Kortum and Lerner, demand boom

in an industry may induce more innovation a��ecting both R&D expenditures and more VC through

formation of start-ups in the same industry. Thus, one needs to be careful about interpreting the

previous results as evidence supporting the innovation-Þrst hypothesis.

This paper addresses the causality and simultaneity issues described above by studying dynamic

panel data of U.S. manufacturing industries. We use TFP growth as a measure of innovation. To

address the endogeneity issue, we use panel AR regressions for both VC investments and TFP

growth. The results of the analysis favor the innovation-Þrst hypothesis but not the VC-Þrst

hypothesis. Strikingly, we cannot, at all, reject the hypothesis that VC investment does not lead

TFP growth. This result is robust to alternative speci Þcation and estimation methods. To make

contrast with the negative result associated with the VC-Þrst hypothesis, weÞnd some evidence that

supports the innovation-Þrst hypothesis; past TFP growth sometimes signiÞcantly and positively

a��ect VC investment.

However, the VC-Þrst hypothesis may look valid if we control for the simultaneity. To address

this simultaneity issue, we assume there is an unobservable factor that a��ects both TFP growth

and VC investment simultaneously. We also take into account the opposability that VC investment

may be a��ect by the clariÞcation of ERISA prudent rule and funds available for VC investment.4

By controlling the simultaneity in this way, we Þnd that past VC investment is positively and

signiÞcantly related to TFP growth.

Besides the articles cited above, this paper is closely related to literature onÞnancial devel-

opment and growth. For instance, close to the spirit of this paper, Robinson argues (1952) how

Þnancial development follows economic development. Greenwood and Jovanovic (1990) rigorously

model how economic growth andÞnancial development are mutually dependent. Recently, Levine,

Loayza, and Beck (2000)Þnd that exogenous development ofÞnancial intermediary sectors enhance

economic growth. Compared to the literature that study banking sectors and stock markets, there

4This clariÞcation is supposed to boost U.S. VC industries but to not a��ect TFP growth (Gompers and Lerner,
1998).
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exist few academic studies on the economic impact of VC. One important exception is Zucker,

Darby, and Brewer (1998), who studied causes of biotechnology start-upÞrms. Interestingly, they

Þnd that controlling for the presence of local star scientists the size of VC market negatively a��ects

the rate of biotechnology start-up.

Organization of the Paper The rest of the paper is organized as follows: Section 2 describes

the data used in this paper as well as motivates the use of TFP growth as a measure of innovation.

The details in constructing new datasets are also discussed. Section 3 presents the results of

empirical analyses. Section 4 concludes.

2 Data Description

In this section, we detail how we construct the data set for the results. There are three major

di�! culties in assembling this dataset. TheÞrst complication is concordance between venture capital

data and TFP data. The second complication is extending TFP data over the NBER coverage.

The last complication is estimation of venture capital commitment available for each industry.

2.1 Data Sources

The data analyzed in this paper come from the two sources: VentureXpert, and Bertelsman, Becker,

and Gray’s NBER-CES Manufacturing Industry Database (“the NBER database”). VentureXpert

is a proprietary database of Venture Economics, which is a division of Thomson Financial. Venture

Economics receives quarterly reports from VC organizations and from major institutional investors

on their portfolio holdings and, in exchange, provides summary data on investments and returns.

Like the NBER database, VentureXpert records SIC codes of the companies thatÞnanced from

venture capitalists. However, this variable is very often missing; only 21% of the investment amount

records SIC codes of the companies that received VC investment. Instead of SIC codes, VentureX-

pert uses its own proprietary industry classiÞcation system, the Venture Economics Industry Code

(“VEIC”). There is no missing record for this VEIC variable. Re ßecting industry focus of VC,
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some industries are classiÞed in more detail and others are in less detail than SIC. VentureXpert

reports daily VC investment data from 1960 to date. As Kortum and Lerner, we use the data only

from 1965 because investmentÞgures are mostly zero.

The NBER database draws original data from Bureau of Census and contains productivity

related variables for all manufacturing industries at SIC 4-digit level.5 The data is annual, starts

from 1958 and ends in as early as 1996, which limits one from extending analysis into recentÞve

years. Then, in order to reßect the impact of rapid increases in VC investment in the recent years in

our analysis, we extend the NBER database up to 2001 in the method described in the next section.

Extensive productivity data are available only in this database and it covers only manufacturing.

Thus, we limit our scope to manufacturing industries. We extracted and constructed two variables

from the NBER database: one is capital expenditure and the other is four-factor TFP growth.

2.2 TFP Growth as Measure of Innovation

As far as we are aware, none has used TFP growth as a measure of innovation to study how the

development of VC market a��ects innovation. Thus, one may wonder why we use TFP growth

instead of patent counts that are commonly used in the literature. The reason for use of TFP

growth is that patent count is a problematic measure of innovation in assessing the role of VC

investments in stimulating innovations. VC investments may encourage inventorsto patent their

innovations rather than to innovate. There are three justiÞcations for this positive relation between

VC investments and the patent propensity.

First, VC investments are geared towards start-up Þrms and theseÞrms presumably have a

high patent propensity.6 Start-ups may use patents more often than establishedÞrms as a mean to

appropriate returns to innovation. Levin et al. (1987) Þnd that large Þrms generally rate patents

less e��ective mechanisms of appropriation than the other means such as secrecy, lead time, and

sales or service e��orts. Nonetheless, start-ups typically do not have any of these appropriation

5Bartelsman and Gray (1996) gives detailed descriptions about this NBER manufaturing database.
6For the sample of sillicon valey Þrms, Hellman and Puri (2000) Þnd, venture capital backed Þrms are often

start-ups (2 years old on average),
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vehicles that establishedÞrms do because start-ups do not own their manufacturing and marketing

capacities. Thus, theseÞrms may use patents more often than establishedÞrms. Supporting this

di��erence in patent propensity, Hall and Ham (1999), Table 2, report that designÞrms, specializing

in product innovation in the US semiconductor industry has a higher propensity to patent than

ones with manufacturing capacities.

Second, VC facilitates entries of newÞrms and the competitive pressure from these newÞrms

may increase the patent propensity of establishedÞrms. These establishedÞrms often patent

inferior technology for strategic reasons. (Cohen et al., 1997) As Gilbert and Newbery (1982)

argue, establishedÞrms may “shelve” patent that is inferior to the most advanced technology in

order to deter entry and increasing competition. This strategic motive is presumably stronger

and establishedÞrms tend to patent more when the threat of competition from start-ups is strong

due to supports from venture capitalists. To summarize the two arguments above, VC investment

may increase the patent propensity on average through stimulating start-ups but not necessarily

innovations.

Third, a change in the patent policy may a��ect both patent counts and VC investment. As a

result, spurious correlations between patent counts and VC investment may arise. For instance,

Ueda (2000) argues that enlarging the scope of patentable inventions not only increase patent counts

as well as encourages inventors to ask VC for funds. Thus, VC investments and patent count may

comove even though there is no change in the extent of innovations.

2.3 Concordance

One complication involved in combining VentureXpert and the NBER database is industry con-

cordance. A single industry in the former may consist more than one industry in the latter and

vice versa. Di��erences in terminology across the two distance add another di�! culty. For instance,

“Biotech Related Fine Chemicals” (VEIC 4311) sounds any category of “Chemicals and allied prod-

ucts” (SIC 2-digit, 28) and “Research, development, and testing services (except noncommercial

research organizations)” (SIC 3-digit, 873). To avoid discretion in the course of this concordance
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and aggregation of industries, we use the industry classiÞcation scheme same as the one used by

Kortum and Lerner (2001). Another beneÞt from using the same industry scheme as Kortum and

Lerner is to make the results of this paper comparable with their results.

Kortum and Lerner aggregate 3-digit level SIC industries into 20 industries. The name of each

industry and corresponding SIC codes are written in Table 1. Hereafter, we call this industry

classiÞcation system “KL classiÞcation”. The NBER database records both capital expenditure

and TFP growth at a Þner level than at KL classiÞcation. We aggregate capital expenditure by

summation and TFP growth by averaging 4-digit four-factor TFP growth weighted by value added.

To construct VC investment data along with KL classi Þcation, we divide data into two: data points

with which SIC code is recorded and ones with which SIC code is not recorded. If a SIC code is

recorded, we converted the SIC code into a KL classiÞcation code using the concordance given in

Table 1. And then we assign 100% of investment amount of the record to the KL classiÞcation code

into which the original SIC code was converted. If a SIC code is not recorded, VEIC is used to divide

and assign KL classiÞcation codes to investment amount. The assignment rule is constructed from

data records with SIC codes and thereby KL classiÞcation assigned in the way described above.

For each VEIC, we obtain the distribution of investment amount over KL classiÞcation codes and

use the same distribution for assigning KL classiÞcation codes to each record without SIC codes.

For instance, among data points with SIC codes, total of $202 millions are invested into Circuit

Boards industry (VEIC 3140). $60 millions are invested in O�! ce and Computing Machine (KL

classiÞcation code, 13), $141 millions are invested in Communication and Electronic Industries (KL

classiÞcation code, 15) and $1 million is invested in Professional and ScientiÞc Instruments Industry

(KL classiÞcation code, 19). If a data point records that a company which received VC investment

is in Circuit Boards Industry according to VEIC, we assign 60/202 of the investment amount to

O�! ce and Computing Machine, 141/202 of investment amount to Communication and Electronic

Industries and 1/202 of investment amount to Professional and ScientiÞc Instruments Industry.

— Table 1 Here —
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Compared to the data used by Kortum and Lerner, our venture capital investment Þgures are

signiÞcantly large. This happens because Venture Economics backÞlls their database. This may

create a survivorship bias such that a higher fraction of older data points is investment made by

successful and surviving venture capital funds. As venture capital investment has signiÞcantly in-

creased in the end of 1990s, and the recent investment is likely to represent lower quality investment

than earlier time, we may underestimate the e��ect of venture capital investment on innovations.

2.4 Constructions of New Datasets

Before doing our empirical analyses, we construct two new datasets. Precisely, weextend the

NBER database up to 2001 andconstruct the proxy of VC commitment (“the commitment”). The

former is pursued because it is inevitable that our analysis should incorporate the impact of rapid

increases in VC investment in recent years. On the other hand, the latter is used as an explanatory

variable for VC investment in our extension where the simultaneity is controlled for.

2.4.1 Extension of NBER Database

Extending two series, four-factor TFP growth and capital expenditure, in the NBER database up

to 2001, is pinned down to extending the following data series: value of shipments and its deßator,

total real capital stock, number of employees, average number of production workers, production

worker hours, annual payroll, production worker wages, cost of materials and its deßator, and

total capital expenditures.7 All the data other than the real capital stock are extracted from

the latest publication of the Annual Survey of Manufacturers (“ASM”) by the Bureau of Census,

whereas the real capital stock alone is provided by the Federal Reserve Board. However, for every

data the industry classiÞcation after 1996 is based on the North American Industry ClassiÞcation

System (“NAICS”). Hence, using the bridge tables as of 1997 published by the Bureau of Census,

we convert the variables in ASM from NAICS-based ones to 4-digit SIC-based ones. Precisely,

7The deßated value of shipment is deÞned as the real output, and four factors are the real capital stock, pro-
duction worker hours, non-production workers, and the deßated material cost. Factor shares are calculated as the
corresponding expenditures divided by the value of shipment, whereas the capital share as the residual so that the
sum of shares is equal to one.
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SIC-based value of shipments and its deßator alone are still published by the Bureau of Economic

Analysis, and thus we use them. Number of employees and average number of production workers

are converted by the bridge table for “Paid Employees”. Annual payroll and production worker

wages are converted by that of “Annual Payroll”. All others are converted by that of “Sales,

Receipts, or Shipments”.

The deßator for the material cost is obtained by averaging the prices using as weights each

industry’s uses of inputs in the Input-Output Table as of 1992 by the Bureau of Census.8 The

shipments deßators for 4-digit SIC manufacturing industries are used for manufacturing inputs.

The prices for non-manufacturing inputs are obtained from corresponding producer price indices

published by the Bureau of Labor Statistics. When we do not Þnd an exact match of a non-

manufacturing input with the price index, we use the index of a closely related commodity.

There are several di�! culties in connecting some data series before and after 1996. First,

some industries are classiÞed as manufacturing in SIC but as non-manufacturing in NAICS. They

are entire portions of SIC 2411 (Logging), 2711 (Newspapers), 2721 (Periodicals), 2731 (Book

publishing), and 2741 (Miscellaneous publishing), and some portions of 2771 (Greeting cards) and

3732 (Boat building and repairing). Since their data are not available in the latest ASM, we use

past shares to value of shipments and other data sources such as the Current Employment Statistics

published by the Bureau of Labor Statistics. Second, whereas the NBER database deÞnes the new

capital expenditures as “total capital expenditures”, the latest ASM contains only the sum of new

and used capital expenditures. Then, we compress each 4-digit SIC-based capital expenditures

obtained above by the share of the industry’s new capital expenditures to the total in 1996.

2.4.2 Construction of the Commitment Data

To control for the simultaneity, we employ “VC commitment data” as an instrument. Due to a high

transaction cost, venture capital Þrms raise funds infrequently - every few to several years. And
8The latest Input-Output Table available when the NBER database was constructed should be the one as of 1992.

This table is based on 4-digit SIC.
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thus, the amount of funds available for venture capitalists to invest is restricted by the di��erence

in the amount of funds raised and the amount of funds disbursed, at least for the short run. We

call this di ��erence “the commitment”. Here, we describe how we constructed this data.

VentureXpert provides the amount of funds raised most of time. However, how much of the

funds was disbursed is not well recorded. If it is recorded, the total syndicated amount of disburse-

ment is recorded but the amount of individual contribution is not available. Thus, we estimate

how the funds were disbursed in the following manner. We take four steps in constructing the

commitment for each VC fund: (i) estimating years of disbursement, (ii) estimating the annual

amount of disbursement over years of disbursement, (iii) allocating the annual amount of disburse-

ment according to “industry preferences” of each fund, and (iv) reclassifying the amount assigned

to each industry each year from VEIC to KL classiÞcation.

In the Þrst step, we primarily deÞne as “the disbursement life” for each fund the period from the

earlier of establishment year or the year ofÞrst investment, to liquidation year, as far as the variable

liquidation year is recorded. We do not deÞne each fund’s establishment year as the beginning of

the life, because VentureXpert sometimes records the funds that “started” theirÞrst investments

earlier than their establishments and those without establishment year but with investment history.

For funds without liquidation year, we deÞne the greater of the length of disbursement, which is the

duration between the Þrst disbursement episode and the last, andÞve years as the disbursement

life. Some fund have establishment year but no investment history recorded. For such funds, we

simply set their disbursement life equal toÞve, and thus we “assign”Þve years after establishment

as the end of the life.

In the second step, we estimate the annual amount of disbursement for each year of the disburse-

ment life by using annual total VC disbursements as weights. For funds that, we estimate, continue

disbursement beyond 2002, we also prepare point forecasts of the disbursements byÞtting a simple

time series model.9 We call the di��erence between fund size and accumulated disbursement that
9We Þt ARIMA (2, 1, 2) to the logarithm of VC disbursements.
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we estimate, the fund’s “available capital” in the year.

In the third step, we assume that each fund’s portfolio companies represent the fund’s pref-

erences on industries and that their preferences remain unchanged over the disbursement life.

Although VentureXpert records “Firm Industry Preference” data as well, it is often hard to Þnd

an exact match of the data to VEIC: how can weÞnd an exact match to VEIC if a fund’s indus-

try preference is expressed as “DiversiÞed” or “High Tech”? Alternatively, VentureXpert records

VEIC for each portfolio company, and thus we do not encounter such di�! culty. Then, for each

fund we allocate available capital in each year to all industries preferred by using the corresponding

actual disbursements as weights. Some funds have no investment history, and thus no portfolio

companies. For these funds, we assume that they have no particular industrial preferences. Then,

for each of all such funds we allocate available capital in each year over all industries disbursed in

the year by using actual disbursements as weights.10

To construct the commitment in the way described above, we examine all VC funds that were

established from 1960 to 2002 and focus on investing in the U.S. companies. We drop those

without fund size data from our sample. The funds eliminated in this screening are typically those

established before mid 80’s, and include 3i Capital and ABS Ventures, for example. Nonetheless,

the number of funds remaining in our sample is 4787 which accounts for nearly two thirds of all

such funds.11

Then, in the Þnal step, we obtain the KL-classiÞed commitment data in constant dollars by

aggregating all available capitals over each KL classiÞcation in each year and deßating them. .

As seen in Table 2, the commitment data fairly well captures the substantial part of actual VC

investment. It can be seen that the commitment data accounts for about a half of total VC

investment, although a third of VC funds are eliminated from our sample.

10This method is also used for the cases in which a fund has portfolio companies but no actual disbursements in
these industries are recorded in some year during the life.

11We also eliminate funds that has fund size but neither establishment year nor investment history.
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— Table 2 Here —

2.5 Descriptive Statistics

Table 1 shows VC investment classiÞed into each industry using the method described above.

The table shows that VC investment in the U.S. manufacturing industry has dramatically grown

during the last four decades. The amount of investment in the recent few years is more than

eighty times as much as the one in 1965-69. Notably, stimulated by a sequence of regulatory

changes favorable to venture capital, investment amount signiÞcantly increased from 1970s to 1980s.

These changes involve clariÞcation of ERISA prudent man rule, reduction of capital gains tax

rate, and introduction of Bayh-Dole Act that facilitated technology transfer from universities to

private sectors.12 The whole VC industry experienced downturn in the early 1990s due to asset

quality problems of pension funds. Those funds pull out from private equity investments to reduce

riskiness of their portfolios. Pension funds are mainÞnancing sources for U.S. venture capitalists

and this assets reallocation by pension funds severely hit venture capitalists. VC investments are

clustered. In particular, O�! ce and Computing Machines (KL 13), Communication and electronics

(KL 15), and Professional and scientiÞc instruments (KL 19) account for two thirds of the total

VC investment in manufacturing industries to date.

— Table 3 (Panel A-C) Here —

Table 3 shows the descriptive statistics of three variables examined in this paper. Panel A

summarizes the annual VC investment data by industry. Comparing Panel A and Panel B, one

can see that VC investment in O�! ce and Computing Machines is not only large in absolute term

but also so in relative term, being for 83.84% of capital expenditures. In other industries, the

12Enactment of the Bayh-Dole Act (P.L. 96-517), the “Patent and Trademark Act Amendments of 1980”, on
December 12, 1980 created a uniform patent policy among the many federal agencies that fund research. Bayh-Dole
enables small businesses and nonproÞt organizations, including universities, to retain title materials and products
they invent under federal funding. Amendments to the Act were also created to include licensing guidelines and
expanded the law’s purview to include all federally funded contractors, (P.L.98-620).
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relative presence of VC investments are quite small and often it is less than one percent of industry

capital expenditures. Panel C summarizes annual TFP growth. Indicating positive correlation

between innovation and VC investments, TFP in O�! ce and Computing Machines industry has

grown at as high as 11.8% on average. There is one caveat for interpreting this high number. One

of the biggest problem to measure innovation by TFP growth is a di�! culty in measuring quality

improvement. Unlike cost-reducing innovation, to identify quality improvement requires detailed

knowledge in assessing and measuring product quality. For this reason, TFP growth associated

with quality improvement is infrequently incorporated. Computer related industries are ones that

likely to incorporate this TFP growth owing to quality improvement. In 1980s, the Bureau of

Census conducted the measurement of quality change in those industries with help of IBM. This is

the only signiÞcant attempt made by the Bureau. For this reason, industries other than computer

related ones may not exhibit substantial quality improvement in their TFP growth Þgure and it

may be under represented.

— Figures 1 and 2 Here —

This relation between TFP growth and VC investment is shown in Figures 1 and 2. Vertical

axes for theseÞgures are all TFP growth and horizontal axis is measures of VC investment. Figures

1-A and 2-B uses the dollar amount of VC investment and Figures 1-B and 2-B uses the ratio of

VC investments to capital expenditure as a measure of VC investment. Both Figures 1-A and 1-B

include only Þrst-round investments and Figure 2-A and 2-B include only follow-on investments.

One di��erence betweenÞrst-round investments and follow-on investments is found in Textile and

Apparel industry. Its receipt of VC appears high in the Þrst-round investments (Figures 1-A and

1-B ) but not so in the follow-on investment (Figures 2-A and 2-B), indicating that textile and

apparel Þrms rarely receive VC Þnancing in more than one stage.13

13Gompers (1996) argues that stagedÞnancing should be less often for non-high techÞrms because asymmetric
information problems for non-high tech Þrms are less important than in ones high-techÞrms.
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3 Empirical Methods and Results

In this section, we present methods and results of empirical analyses. Underlying methods used

here are panel AR regressions, studying forecasting powers of VC investments and TFP growth.

We begin with examining the causality of two variables and proceed to the analysis taking account

for the simultaneity issue. For all subsequent analyses, we take the sample period from 1965 to

2001.

3.1 Panel AR Regressions

We borrow the idea to examine causality problems from Granger Causality. Granger causality test

examines if X causes Y by regressing X to the past realizations of X and Y and seeing if the series of

Y has any explanatory power. We apply this test to VC investment and TFP growth in panel. Let

TFPi,t and V Ci,t be TFP growth and VC investment in industry i at time t. The representations

of our causality test consist of estimating the following equations:

TFPi,t = α0 +
LX
l=1

βlV Ci,t−l +
LX
l=1

αlTFP i,t−l + ηi + εi,t, and (1)

V Ci,t = α00 +
LX
l=1

β0lTFPi,t−l +
LX
l=1

α0lV Ci,t−l + η0i + ε0i,t, (2)

where L is the maximum lag length, ηi and η0i are unobserved industry-speciÞc heterogeneities

that are assumed to berandom effects, and εi,t and ε0i,t are idiosyncratic errors that are assumed

to be mutually serially uncorrelated. No causality in Granger’s sense from VC investment to

TFP growth and from TFP growth to VC investment are hypothesized as H0 : (β1, . . . , βL) = 0

and H 0
0 :

¡
β01, . . . , β

0
L

¢
= 0, respectively. We perform the hypothesis testing for four di��erent

VC investment variables: dollar amount and ratio to capital expenditure of Þrst-round investment

and ones of follow-on investment. Two di��erent scenarios about lag are assumed. TheÞrst one

contains two-year lag and the other contains four-year lag. We estimate these two equations by

the generalized least squares (“GLS”) and the maximum likelihood (“ML”) for the robustness of

testing results.

14



— Table 4-A, 4-B, 5-A, and 5-B Here —

The estimation results by GLS and ML are presented in Table 4-A and B, and Table 5-A and B,

respectively. Table 4-A and 5-A, and Table 4-B and 5-B report the results of estimating coe�! cients

for the equation (1), and those of estimating coe�! cients for the equation (2). Standard errors in

Table 4-A and 4-B are based on Eicker-White formula. For all four tables, autoregressive terms,

which are presented in bottom four rows, are mostly signiÞcant, not surprisingly suggesting the

presence of autocorrelation for both variables. Striking results are insigniÞcance of VC investment

coe�! cients and corresponding Wald statistics for regressions (a), (b), (c) and (g) in Table 4-A.

Table 5-A also exhibits insigniÞcance of likelihood ratio statistics for regressions (a), (b), (c), (e),

and (g). Recall that these statistics test the null hypothesis that VC investment (in dollar amounts

or in ratios to capital expenditures) does not cause TFP growth. Hence, such insigniÞcance means

that neither Þrst-round nor follow-on round VC investment is likely to explain subsequent TFP

growth signiÞcantly. In particular, the insigni Þcance of likelihood ratio statistics for regressions

(a) and (b) in Table 5-A indicates that at least VC investment in dollar amounts does not cause

TFP growth. On the other hand, Wald or likelihood ratio statistics for regression (d), (f), and (h)

in Table 4-A and 5-A are signiÞcant. These results may indicate that causality tests are sensitive

to choices of lag length, as often reported.

On the other hand, all Wald and likelihood ratio statistics in Table 4-B and 5-B test the null

hypothesis that TFP growth does not Granger-cause VC investment. In particular, all but a

Wald statistics in Table 4-B and all likelihood ratio statistics in Table 5-B reject the null at 1%

level. This suggests that TFP growth does Granger-cause VC investments. Most coe�! cients on

TFP growth are positive and signiÞcant, which also supports theÞnding that innovations cause

VC investment.

Although the testing results appear to be sensitive to deÞnitions of VC investment and choices

of lag length, at least we can say that there are little evidence for VC-Þrst hypothesis. The results

show that TFP growth causesÞrst-round VC investment in dollar amounts, but the converse is not

15



true. In other cases, the directions of causality are somewhat mixed. Hence, in follow-on rounds

VC investment and TFP growth may have feedback relations.

3.2 Unobservable Technological Opportunity

So far we have examined the relationship between TFP growth and VC investment using the panel

AR. We are now going to extend the analysis including an observable variable that simultaneously

a��ect both TFP growth and VC investment, and “ERISA dummy” and the commitment as ex-

planatory variables for VC investment. The analysis focuses on the robustness of the insigniÞcant

e��ects of VC investment on innovation that has been obtained in the panel AR analysis presented

before.

Now we consider the system of equations that can capture the simultaneity of TFP growth and

VC investment. Then, we assume that for each industry, current TFP growth is a function of its

past values, the previous VC investment, some exogenous variables, and an unobservable common

factor, or

TFPt = f(TFPt−1,TFPt−2, . . . , V Ct−1,Xt, Y
∗
t ).

Similarly, for each industry, current VC investment is a function of past VC commitments, some

exogenous variables, and the unobservable common factor, or

V Ct = g(COMt−1,COMt−2, . . . ,Zt, Y ∗t ).

The common factor in both functions includes demand shocks to speciÞc industry sectors. A

positive demand shock raises TFP growth for the reason described just before and such shock may

induce more demands for VC investment because the number of start-upÞrms presumably rises.

For estimation purposes, we specify two functions as the following linear parametric forms

TFPi,t =
JX

j=1

αjTFPi,t−j +
JX

j=1

βjV Ci,t−j +
NX
n=1

δnX
n
i,t + Y ∗i,t + µ0i +

0
i,t, (3)

V Ci,t =
LX
l=1

φlCOMi,t−l +
MX

m=1

ψmZ
m
i,t + ρY ∗i,t + µ00i +

00
i,t, (4)
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where µi and µ0i are unobserved industry-speciÞc heterogeneities that are assumed to berandom

effects satisfying

E
£
µ0i|TFPt−1,TFPt−2, . . . , V Ct−1, V Ct−2, ..., COMt−1,COMt−2, . . . ,Xt,Zt, Y

∗
t

¤
= 0

E
£
µ00i |TFPt−1,TFPt−2, . . . , V Ct−1, V Ct−2, ..., COMt−1,COMt−2, . . . ,Xt,Zt, Y

∗
t

¤
= 0

Two idiosyncratic errors 0
i,t and 00

i,t are also assumed to be mutually serially uncorrelated. Elimi-

nating Y ∗i,t, we have the following reduced form

TFPi,t =
JX

j=1

αlTFPi,t−j +
1

ρ
V Ci,t +

JX
j=1

βjV Ci,t−j +
LX
l=1

µ
−φl
ρ

¶
COMi,t−l

+
NX
n=1

δnX
n
i,t +

MX
m=1

µ
−ψm

ρ

¶
Zm
i,t +

µ
µ0i −

1

ρ
µ00i

¶
+

µ
0
i,t −

1

ρ
00
i,t

¶

≡
JX

j=1

θ1jTFPi,t−j + θ20V Ci,t +
JX

j=1

θ2jV Ci,t−j +
LX
l=1

θ3lCOMi,t−l

+
NX
n=1

θ4nX
n
i,t +

MX
m=1

θ5mZ
m
i,t + µi + i,t, (5)

whereµi = µ0i−µ00i /ρ is the new random e��ect, and i,t =
0
i,t− 00

i,t/ρ is the new idiosyncratic error.

We are interested in the signs and the joint statistical signiÞcance of the coe�! cients on lagged

VC investment, i.e. (θ21,...,θ2J) = (β1, . . . , βJ). Unlike the analysis on the causality in the previous

section, however, we cannot estimate the equation (5) by GLS, because the explanatory variable

V Ci,t would generate a simultaneous equation bias if we did so. Then, we take past values of

VC investment as instruments, and apply IV regression. SpeciÞcally, we estimate the equation

by setting the lag length for TFP growth equal to two or four, setting the lag length for VC

commitments equal to one, and takingÞrst three or Þve lags of VC investment as instruments,

depending on the lag length of VC investment.

We also include year dummies as exogenous variableXn
i,t on the side of equation (3). This

is presumably important because TFP growth is a��ected by economy-wide shocks. For instance,

capacity utilization rates go up during economic boom and as a consequence TFP growth may go up
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Figure 1-A
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Figure 2-A
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Figure 2-B
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Industry Mean Median Minimum Maximum Std. Dev.
1 Food and kindred 0.231 0.078 0.000 1.962 0.429
2 Textile and apparel 0.196 0.055 0.000 3.444 0.563
3 Lumber and furniture 0.072 0.047 0.000 0.367 0.084
4 Paper 0.019 0.008 0.000 0.151 0.032
5 Industrial chemicals 0.039 0.023 0.000 0.150 0.040
6 Drugs 0.229 0.172 0.000 1.059 0.271
7 Other chemicals 0.139 0.024 0.000 2.057 0.394
8 Petroleum refining and extraction 0.033 0.012 0.000 0.142 0.041
9 Rubber products 0.042 0.032 0.000 0.229 0.045
10 Stone, clay and glass products 0.239 0.086 0.000 1.983 0.432
11 Primary metals 0.023 0.014 0.000 0.141 0.028
12 Fabricated metal products 0.075 0.050 0.000 0.477 0.088
13 Office and computing machines 1.818 0.923 0.007 17.668 3.250
14 Other non-electrical machinery 0.130 0.105 0.001 0.456 0.115
15 Communication and electronics 1.877 0.760 0.009 20.832 3.906
16 Other electrical equipment 0.203 0.130 0.000 0.983 0.246
17 Transportation equipment 0.091 0.037 0.000 1.394 0.231
18 Aircraft and missiles 0.004 0.002 0.000 0.016 0.004
19 Professional and scientific instruments 1.055 0.628 0.001 5.885 1.413
20 Other machinery 0.260 0.112 0.000 1.928 0.402

Industry Mean Median Minimum Maximum Std. Dev.
1 Food and kindred 2.25% 0.95% 0.00% 13.73% 3.26%
2 Textile and apparel 6.61% 2.13% 0.00% 124.60% 20.20%
3 Lumber and furniture 2.47% 1.99% 0.00% 9.44% 2.22%
4 Paper 0.33% 0.19% 0.00% 1.62% 0.40%
5 Industrial chemicals 0.58% 0.31% 0.00% 2.44% 0.59%
6 Drugs 8.86% 7.33% 0.00% 24.69% 7.27%
7 Other chemicals 3.97% 1.14% 0.00% 50.81% 9.28%
8 Petroleum refining and extraction 0.98% 0.45% 0.00% 4.40% 1.20%
9 Rubber products 1.11% 0.92% 0.00% 3.26% 0.69%
10 Stone, clay and glass products 6.78% 3.04% 0.00% 39.19% 9.54%
11 Primary metals 0.47% 0.38% 0.00% 3.02% 0.56%
12 Fabricated metal products 1.63% 1.41% 0.00% 5.86% 1.16%
13 Office and computing machines 83.84% 45.99% 3.80% 730.97% 131.63%
14 Other non-electrical machinery 2.33% 1.85% 0.07% 5.82% 1.61%
15 Communication and electronics 21.28% 15.15% 1.64% 103.19% 20.02%
16 Other electrical equipment 6.78% 4.68% 0.00% 24.97% 6.24%
17 Transportation equipment 1.14% 0.51% 0.00% 11.25% 2.04%
18 Aircraft and missiles 0.22% 0.17% 0.01% 0.92% 0.19%
19 Professional and scientific instruments 22.99% 15.25% 0.27% 97.70% 22.82%
20 Other machinery 3.88% 2.54% 0.00% 22.16% 4.60%

Dollar amount and the ratio to industry investment of venture capital investments for U.S. 
manufacturing industries, by industry. All dollar figures are in billions of 1983 dollars.

Panel A: Venture Capital Investment 1983 billion of dollars

Panel B: Venture Capital Investment / Capital Expenditure

Table 3



Industry Mean Median Minimum Maximum Std. Dev.
1 Food and kindred 0.5% 0.5% -2.8% 3.2% 1.3%
2 Textile and apparel 0.3% 0.5% -13.6% 4.4% 2.8%
3 Lumber and furniture 0.2% 0.2% -5.7% 4.1% 2.1%
4 Paper 0.3% 0.9% -6.3% 3.9% 2.4%
5 Industrial chemicals 0.7% 0.8% -10.8% 8.4% 4.3%
6 Drugs -0.3% -0.5% -8.8% 7.7% 3.3%
7 Other chemicals 0.3% 0.7% -4.4% 8.5% 2.7%
8 Petroleum refining and extraction 0.0% 0.7% -15.3% 10.6% 4.8%
9 Rubber products 1.2% 1.3% -5.1% 5.1% 2.4%
10 Stone, clay and glass products 0.6% 1.2% -6.1% 5.8% 2.7%
11 Primary metals 0.3% 0.5% -9.9% 6.5% 3.0%
12 Fabricated metal products 0.2% 0.5% -4.2% 4.0% 2.1%
13 Office and computing machines 11.8% 11.5% -1.9% 41.0% 9.4%
14 Other non-electrical machinery 0.0% 0.0% -6.5% 5.6% 2.6%
15 Communication and electronics 8.0% 4.1% -3.9% 35.7% 10.4%
16 Other electrical equipment 0.9% 1.2% -4.7% 4.8% 2.3%
17 Transportation equipment 0.5% 0.4% -6.5% 7.2% 3.0%
18 Aircraft and missiles 0.0% 0.0% -6.7% 7.3% 2.9%
19 Professional and scientific instruments 0.6% 0.5% -3.0% 4.8% 1.9%
20 Other machinery -0.4% -0.7% -5.4% 4.0% 2.1%

Table 3 (Continued)

TFP growth for U.S. manufacturing industries, by industry. TFP growth for each industry is value 
added weighted average of SIC four digit level TFP growth.

Panel C:TFP Growth
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