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Abstract
By constructing a novel dataset based on the Nielsen Retail Scanner and the VentureXpert
databases, we study how venture capitalists (VCs) create value in the product market for the
entrepreneurial firms backed by them. We document that, compared to that of non-VC-backed
firms, the sales of VC-backed startups increase by 85% in the five years following the first VC
investment. A further decomposition of the sales indicates that VC-backed firms achieve the growth
in sales by lowering their product prices by over 7% and almost doubling the quantities of products
sold. In addition, following the first VC investment, VC-backed entrepreneurial firms enlarge their
product portfolios and expand to more geographic locations. Using a difference-in-differences
framework on a sample of matched VC-backed and non-VC-backed firms, we show that the above
effects continue to hold. To explore the mechanisms through which VCs create value for startups in
the product market, we document heterogeneous effects of VC value creation for firms in different
competition environment. We also show that the above results are stronger for firms located closer
to the lead VCs. This suggests that, apart from providing capital, VCs also add value to the startups
by directing their marketing strategy and monitoring their operations.
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Introduction

Entrepreneurial firms comprises a majority of the business establishments in the U.S. and
contribute to a great degree of job creation and economic growth. According to the data
provided by the U.S. Census Bureau, as of 2018, small firms accounted for 99.7% of all
employer firms (i.e., firms with paid employees).1 A report released by the Small Business
Administration (SBA) in 2018 shows that small firms contribute to 43.5% of the U.S. GDP
by 2014.2 In addition, from 2000 to 2019, small businesses have contributed 10.5 million
net new job creation, which accounts for a 65.1% of overall net job creation since 2000.3
On the other hand, the product market is a critical source of revenue for a firm. Therefore,
it is important to understand how entrepreneurial firms, a significant portion of the U.S.
economic system, operate in the product market to achieve their growth.
The role of venture capitalists (VCs) in creating value for the startups backed by them
is well documented in the literature (e.g., see Barry et al. (1990), Kortum and Lerner
(2000), Chemmanur et al. (2014), and Bernstein et al. (2016), among others). However,
due to the data availability of private firms, the existing literature is limited in terms of
examining what aspects of value VCs could provide to the startups. As firms’ revenue
growth ultimately hinges on how they conduct operations in the product market (e.g.,
developing current product lines or introducing new products, as in Levitt et al. (1965)
and Argente et al. (2018)), VCs could as well play an important role in this process and
create value for the entrepreneurial firms in the product market. This paper aims to fill
this gap in the literature.
The central research question of this paper is whether and how VCs create value for
startups in the product market. By constructing a novel dataset based on the Nielsen
1

In our context, we refer to small firms as those having fewer than 500 employees, following the definition
of the Office of Advocacy of Small Business Administration (SBA).
2
The full article of this report is available at https://cdn.advocacy.sba.gov/wp-content/uploads/2018/
12/21060437/Small-Business-GDP-1998-2014.pdf.
3
The report by the SBA is available at https://cdn.advocacy.sba.gov/wp-content/uploads/2020/11/
05122043/Small-Business-FAQ-2020.pdf.
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Retail Scanner and the VentureXpert databases, we are able to analyze the product
market performance of VC-backed entrepreneurial firms. The Nielsen Retail Scanner
Database, provided by the Kilts Center for Marketing at The University of Chicago
Booth School of Business, contains detailed information about individual products (e.g.,
prices, quantity sold, stores, geographic locations and etc). We then aggregate these
product-level information to firm and firm-product-line levels based on the hierarchy of
the Nielsen Retail Scanner Database. This detailed information, along with the hierarchy
provided by the Nielsen Retail Scanner Database, allows us to examine firms’ product
market performance in various dimensions and at different levels of granularity. Further,
we merge Nielsen data with the VentureXpert Database.

VentureXpert is a leading

provider of information on VC investments and portfolio companies, and it is frequently
used by previous studies. By merging these two databases, we can identify VC-backed
entrepreneurial firms and hence compare their product market performance with that of
non-VC-backed private firms.
Our baseline findings can be summarized as follows. First, we conduct our baseline
regressions at the firm level, where the unit of observation is firm-year-month. We find
that in the five years following the first VC financing, VC-backed entrepreneurial firms
on average experience higher sales than non-VC-backed private firms. Controlling for
both firm and time fixed effects, this increase in sales is statistically significant and large
in magnitude: the sales of VC-backed startups increase by 85% after they receive the
VC investment. We further decompose the sales figure into the average prices and the
quantity of products sold. We find that VC-backed entrepreneurial firms achieve the
growth in sales by lowering the prices of their products and increasing the quantity of
products sold. The average prices of VC-backed firms’ products decrease by over 7%, and
the quantities of products sold almost double after the first VC investment. Compared
to non-VC-backed private firms, VC-backed startups also enlarge their product portfolios.
However, this increase in the number of products in VC-backed firms’ portfolios is not
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driven by the introduction of new products. Instead, the increase in the number of
existing products contributes to this overall growth. This evidence suggests that with VC
financing, entrepreneurial firms are able to revive the production and distribution of their
earlier products. In addition, we document that after receiving their first VC investment,
VC-backed startups expand their products to more geographic locations.
Second, we conduct our baseline regressions at the firm-product-line level, where the
unit of observation is firm-product-line-year-month. Even though the firm-level analysis
is conducive to our understandings of how the VC-backed firms overall perform in the
product market, it lacks a certain degree of granularity.4 Therefore, we delve deeper and
repeat our baseline analysis at the firm-product-line level. In this case, the product line
1 of firm A in January 2006 and the product line 2 of firm A in January 2006 are two
different observations. By repeating the analysis at the firm-product-line level, we are able
to compare VC-backed firms’ existing product lines before and after the first VC financing
with those of non-VC-backed private firms. We document patterns similar to those in the
baseline firm-level analysis. The magnitude of the coefficient estimates becomes smaller,
but the statistical significance remains.
The fact that our baseline results are robust to the inclusion of firm (as well as
firm-product-line) and time fixed effects provides first proof of identification. However,
there still remain several endogeneity concerns facing our baseline specification. First,
the value creation effects of VCs in our baseline results could be driven by unobservable
common characteristics. This raises the concern of the omitted variable problem. Second,
a VC firm does not invest in an entrepreneurial firm randomly. The VC-backed startups
in our sample could be fundamentally different from non-VC-backed firms. This could
lead to selection problem and hence bias our estimation. Third, it could be the case that
4

For example, Procter & Gamble is a multinational manufacturer of consumer care goods and has different
product lines. If we run regressions at the firm level, for example, the fabric care (e.g., Tide) and the oral
care (e.g., Crest) product lines will be treated as one, since they both belong to the Procter & Gamble. As
a result, their prices and quantities of goods sold will be averaged out. Hence, aggregation to the firm level
loses some specificity.
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the growth potential of entrepreneurial firms attracts VC investment, which results in the
reverse causality problem.
Therefore, to address the endogeneity concern and establish causality, we use a
difference-in-differences (DiD) framework based on a sample of matched VC-backed and
non-VC-backed firms. The DiD framework in our setting has three advantages when
addressing the aforementioned endogeneity concerns. First, the DiD estimation absorbs
any constant unobservables between the treatment group (i.e., VC-backed startups) and
the control group (i.e., non-VC-backed startups) that could drive the results. Second, given
the richness of the Nielsen Retail Scanner data, we are able to match one control firm
(firm’s product line) for each treated VC-backed firm (firm’s product line). The quality
of our coarsened exact matching approach appears to be good: treated and control firms
are also similar in variables not used in our matching process. This matched sample of
non-VC-backed private firms provides a valid counterfactual for our identification purpose.
Third, in our setting, VC investment in entrepreneurial firms occurs at different points in
time. This feature is appealing in that it avoids a common identification challenge when a
single exogenous shock is used, since there may exist some contemporaneous confounding
events related to the change in outcome variables.
Overall, the results from our DiD specification are similar to our baseline results.
Notably, both the firm-level and the firm-product-line-level DiD estimates show a
greater increase in the sales of VC-backed startups than our baseline results.

For

example, by comparing each VC-backed entrepreneurial firm to its matched control (i.e.,
non-VC-backed) firm at every point in time, we find that the sales of VC-backed firms more
than double after the first VC financing. The increase is also statistically significant at 1%
level. This dramatic change in sales is accompanied by a 8.7% decrease in the average
prices of their products and a 123% increase in the quantity of products sold. The same
argument applies to the DiD estimates of VC-backed firms’ geographic expansion. For
example, our DiD coefficient indicates that the number of stores in which the VC-backed
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firms’ products are sold is twice as many as that of non-VC-backed firms following the
first VC investment. Further, after receiving the first VC financing, VC-backed startups
expand their products to 46% more counties and 74% more 3-digit ZIP code regions than
non-VC-backed private firms do. After confirming our DiD results satisfy the parallel trend
assumption, we argue that VCs indeed create sizeable value for the entrepreneurial firms
backed by them in the product market, and that the effects documented in the baseline
regressions continue to hold.
Next, we explore several mechanisms through which VCs create value for
entrepreneurial firms in the product market. To examine the possible mechanisms that
could drive the results, we divide firms into sub-samples and conduct a number of
cross-sectional tests. We first divide firms’ product lines into double-sorted groups based
on the relative market share and the industry concentration of these product lines at every
point in time.5 We document heterogeneous effects of VC value creation across different
groups. We show that the aforementioned effects are stronger for VC-backed firms’ product
lines with higher market share. But these effects for VC-backed firms’ product lines with
high market share are different with the level of industry concentration. In addition,
interestingly, the product lines of VC-backed firm with lower market share and in less
concentrated industry perform worse than that of non-VC-backed firms after VC financing.
Further, we divide VC-backed firms into two groups based on their relative distance to
the lead VCs. As Gorman and Sahlman (1989) and Bernstein et al. (2016) argue, it is the
lead VCs who perform the monitoring role, while other members in a VC syndicate play a
more passive role of providing capital. Therefore, we proxy for the monitoring intensity of
lead VCs using the relative distance between the lead VCs and their portfolio companies.
Longer the distance between a lead VC and a portfolio company, less able the lead VC
is to intensively monitor the portfolio company’s operation. We classify VC-backed firms
into short-distance and long-distance groups and run the baseline regressions again with
5

We measure the industry concentration of product lines using the Herfindahl-Hirschman Index. We will
discuss this in details in Section 6.
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all the other non-VC-backed firms. At firm level, we document that in the short-distance
group (i.e., high monitoring intensity), the results are very similar to our baseline findings,
and the magnitude of most coefficients is even slightly larger. On the other hand, in
the long-distance group (i.e., low monitoring intensity), the effect of VC investment on
firms’ sales disappears. While the effects of VC financing on number of products and
geographic expansion remain statistically significant at 5% level, the magnitude of these
coefficients becomes smaller. We repeat this practice at the firm-product-line level. We
document patterns in the short-distance group similar to what we find in the baseline
regressions. However, surprisingly, we find in the long-distance group that the coefficient
on the sales of firms’ existing product lines turns into negative. This indicates that, after
receiving their first VC investment, VC-backed firms’ existing product lines perform worse
than non-VC-backed counterpart. In addition, the effects of VC financing on number of
products and geographic expansion disappear and become statistically indistinguishable
from zero. Overall, putting these pieces of evidence together, we argue that, apart from
providing capital to their portfolio companies, VCs also create value in the product market
by directing firms’ marketing strategy and monitoring their operations.
The rest of this paper is organized as follows. Section 2 reviews the existing literature
and discusses our contribution to the literature. Section 3 details various databases used
in this study and the sample selection procedure. We present our baseline firm-level
and firm-product-line-level results in Section 4. We discuss the DiD results in Section 5.
Section 6 explores the potential mechanisms underlying our results. Section 7 concludes.

2

Relation to the Existing Literature

There are two papers closely related to our study. Using survey data on silicon-valley
high-tech startups, Hellmann and Puri (2000) document that venture capital is associated
with a significant reduction in the time bringing a product to market. This effect is stronger
6

for innovator firms. On the other hand, Chemmanur et al. (2011) document that the
overall efficiency of VC-backed firms is higher than that of non-VC-backed firms at every
point in time and that both screening and monitoring of VCs contribute to the difference in
overall efficiency. By utilizing the rich information contained in the Nielsen Retail Scanner
Database combined with the VentureXpert dataset, we build on the above two papers and
contribute to the literature by documenting whether and how VCs create value for startups
in the various dimensions of product market.
Our study contributes to the broader literature on entrepreneurial financing. There
have been many papers studying the effect of venture capital on the performance
of entrepreneurial firms in terms of their corporate innovation, subsequent valuation,
successful exit, and long-term performance. Gorman and Sahlman (1989) document
that, based on survey evidence, VCs are associated with raising funds for startups,
providing strategic consulting and recruiting management team members. Kortum and
Lerner (2000) show that increases in venture capital funding at the industry level are
associated with higher innovation output, as measured by the number of patented
innovations. They show that this effect is likely to be causal. In another paper, using
survey data, Hellmann and Puri (2002) document that venture capital is related to the
professionalization of entrepreneur firms. In addition, VC-backed entrepreneur firms are
more likely to experience management turnover with the founder being replaced with an
outside CEO. Chemmanur et al. (2014) show that corporate venture capitalists (CVCs)
have a better ability of nurturing the innovation of entrepreneur firms than independent
venture capitalists (IVCs), possibly due to the technological fit between CVCs’ parent
firms and entrepreneurs.

Bernstein et al. (2016) show that VCs’ on-site monitoring

and involvement have an causal impact on the innovation output of startups. On the
other hand, Hochberg et al. (2007) and González-Uribe (2020) argue the importance of
networks in VC investments. Hochberg et al. (2007) document that startups securing
funding from better-networked VCs are more likely to obtain subsequent financing and
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are more likely to successfully exit via initial public offerings (IPOs) or mergers and
acquisitions (M&As).

González-Uribe (2020) show that venture capitalists foster the

exchange of innovation resources among their portfolio companies. This points to a
different source of value addition provided by VCs: VCs internalize the resources within
their networks and thus result in a better performance of startups.

However, while

the existing literature on the value addition effect of VCs is abundant, due to the data
availability for private firms, the research on how VCs create value for startups in the
product market is limited. Our study contributes to this strand of literature by utilizing a
granular product market dataset and analyze VCs’ value creation in the product market.
Our study also contributes to the strand of literature on firms’ product market
performance.

Firms’ revenue growth crucially depends on either developing current

product lines or introducing novel products (Levitt et al. (1965) and Argente et al.
(2018)). Existing literature studies the impact of different financial institutions on firm’s
product market performance. For instance, Chevalier (1995a) and Chevalier (1995b)
study the pricing and market expansion behavior of supermarket leveraged buyouts and
their competitors. Fracassi et al. (2020) argue that following a private equity buyout of
firms that manufacture products, target firms experience a significant increase in their sales
by launching more products and expanding geographically. Aslan and Kumar (2016) find
that hedge fund activism has significant product market spillover effects on the industry
rivals of target firms. The impact on rivals’ performance is associated with improvements
in factor productivity, capital allocation efficiency, and product differentiation following
intervention. On the other hand, the product market also plays a vital role in the US
economy. Product creation and destruction are key factors in explaining firms’ business
cycle fluctuations and long-run growth (e.g., Shleifer (1986), Caballero and Hammour
(1996), Broda and Weinstein (2010), and Argente et al. (2019)).

Product market

innovation is also related to firms’ R&D effort (Argente et al. (2020)). Moreover, by
structurally estimating a model of financing and investment to quantify the effects of the
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product life cycle channel, Hajda and Nikolov (2020) find that capital investment and
product introductions act as complements, and that product dynamics induce stronger
precautionary savings motives. Our contribution to this strand of literature is we focus
on whether and how VCs create value in the product market for entrepreneurial firms, an
important component of the U.S. economy.

3

Data Sources and Sample Selection

3.1

Nielsen Retail Scanner Data

To measure startups’ product market performance, we use the Nielsen Retail Scanner Data
from the Kilts Center for Marketing at the University of Chicago Booth School of Business.
This database tracks weekly purchases of more than two million unique products from
2006 to 2019 at the participating grocery, drug, mass merchandiser, and other stores in
U.S. Specifically, this database contains information about the price, size, and units sold
(among other variables) of every product in a specific store at weekly frequency. Thus, the
unit of observation (i.e., the base of observation) of the Nielsen Retail Scanner Database is
product-week-store.
Each product in the Nielsen Retail Scanner Database is uniquely identified by a
Universal Product Code (UPC). Nielsen categorizes each product into one of the 10
departments, 117 product groups, and 1,311 product modules. Table 1 shows an example
of the hierarchy of product categorization of the Nielsen Retail Scanner Database. Column
4 represents the apex of the hierarchy structure; at this layer, Nielsen assigns each product
to one of the 10 departments. In our example, “Health & Beauty Care” and “Dry Grocery”
are at the first layer. Under the product department “Health & Beauty Care”, there are
several different product groups (i.e., Column 3), “Oral Hygiene” and “Hair Care”, which
are more detailed and at the second layer of the hierarchy. Nielsen further divides each
product group into multiple product modules (i.e., Column 2). For example, both “Tooth
9

Whiteners” and “Oral Hygiene Brushes” belong to the product group “Oral Hygiene”. The
product module makes up the third layer of this hierarchy structure. Each product module
contains various unique products (as identified by UPCs), which are the most granular
level of observation in the Nielsen Retail Scanner Database. For example, Column 1 shows
that “003700****24” and “003700****78” are two products that are both classified into
product module “Tooth Whiteners”.6 With the help of this hierarchy structure, we are able
to conduct analysis not only on the firm level but also on each firm’s product line level,
since the latter provides the most granular classification of a product.7
[Insert Table 1 here.]
On top of the granularity, Nielsen Retail Scanner Database has broad coverage of the
purchase information in the U.S. It collects weekly purchase information on 2,463,853
unique UPCs from 60,600 unique stores, 2,763 counties, 882 3-digit ZIP Code areas, 139
retail chains, 209 Designated Market Areas (DMAs), and 49 states.8 Thus, this dataset
provides a thorough insight into the product market across different states in the U.S. and
the product portfolios of individual firms.
To link the product to its parent company (i.e., the company which produces the
product), we utilize the structure of the 12-digit UPC. The first 6 to 10 digits of a UPC
represent the company prefix (GCP code), which is issued by GS1 US. The 12th digit
is calculated based on a MOD 10 check digit algorithm, and the rest are item reference
numbers.9 With the GCP codes, we are able to identify all of the parent companies that
have products covered by the Nielsen Retail Scanner Database. We obtain all the GCP codes
from the GS1 Company Database (GEPIR) provided by the Product Open Data (POD) and
6

We hide the middle four digits of UPCs to protect the privacy of products, following Nielsen’s guidelines.
Each product module in the Nielsen Retail Scanner data represents a specific product line. In this paper,
to facilitate better understandings of our results, we use the word “product line” instead of “product module”.
8
According to Nielsen, a DMA region is a group of counties and zip codes that form an exclusive
geographic area in which the home market television stations hold a dominance of total hours viewed.
For more information, see https://www.nielsen.com/us/en/contact-us/intl-campaigns/dma-maps/.
9
MOD 10 algorithm is also known as the Luhn algorithm. See https://en.wikipedia.org/wiki/Luhn
algorithm for more information.
7
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then merge them with the first 6 to 10 digits of all the UPCs in the Nielsen data. By
doing so, we successfully identify 3,768,901 unique UPCs in the whole Nielsen data with
62,387 parent companies.10 Table 2 gives an overview of the overall Nielsen Retail Scanner
Database.
[Insert Table 2 here.]

3.2

Venture Capital Data

We gather data on VC firms and their portfolio companies (VC-backed firms) from
VentureXpert through Thomson ONE. VentureXpert is a leading database used extensively
by previous studies examining venture capital. This database contains detailed information
about the names and geographic locations of portfolio companies. We use such information
to merge with the Nielsen Retail Scanner Database later. VentureXpert also provides the
information about the locations of VC firms. We use this particular piece of information
to explore the monitoring channel in Section 6. Further, this database covers the first
investment date, the total amount invested per round, the date of each investment round,
etc. Since the Nielsen Retail Scanner Database starts covering purchase information from
January 2006 and the latest version of this database ends in year 2019, we limit our
sample to VC-backed firms which receive the first-round investment from January 2006 to
December 2019.

3.3

Overall Sample

To measure VC-backed companies’ product market performance, we match VentureXpert
with the Nielsen Database based on the company names. Since each company name may
10

Overall, there are 4,547,517 unique UPCs in the Nielsen Retail Scanner Data as of December 2019.
So the match rate of our study is approximately 83% (i.e., 3,768,901/4,547,517). This is comparable to
other studies using this dataset (e.g., Hajda and Nikolov (2020) and Fracassi et al. (2020)). Since not all
UPCs have transaction information, Nielsen Retail Scanner Data ultimately collects weekly purchase data for
2,463,853 unique UPCs.
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have a slightly different version in those two datasets (for example, the same firm in
VentureXpert could have a name as “ABC Corporation” but at the same time appear in
the Nielsen Database as “ABC Corp.”), we employ some matching procedures to finalize
our sample. We illustrate the detailed matching steps in the Appendix section A.
As a result, our final sample contains 252 VC-backed firms, which receive the
first financing between January 2016 and December 2019.

Combining with 46,749

non-VC-backed private firms in the Nielsen Database, we have 47,001 firms with monthly
information on product market performance in our firm-level analysis.
Table 3 shows a summary statistics of the variables used in our study. Panel A of Table 3
provides the descriptive statistics at the firm level. To further examine how VCs help
startups create values inside each firm, we conduct the analysis at the firm-product-line
level, where the unit of observation becomes a product line of a firm at different points
in time. Panel B of Table 3 shows the summary statistics at the firm-product-line level.
Our outcome variables are mainly capturing three dimensions of a firm’s product market
performance. First, we explore how VCs help startup firms create value on their sales.
To disentangle factors contributing to the changes in sales, we decompose the sales into
average prices and quantities of products sold. Then, we examine how VCs support
startups to introduce products. Last, we analyze how VCs help to promote the geographic
expansion of startups’ products.
[Insert Table 3 here.]

4

Baseline Results

We now present our baseline results of whether VCs create value for startups in the product
market. We first examine the value creation effect of VCs at the firm level. Specifically,
we study whether VCs add value to startups in their sales, product introductions, and
12

geographic expansions of their products. While conducting the analysis at firm level is
useful for a holistic understanding of how the VC-backed entrepreneurial firms overall
perform in the product market, it lacks a certain degree of granularity. Therefore, we
delve deeper and repeat our baseline analysis at the firm-product-line level. By tracking
changes in the same set of outcome variables in firms’ existing product lines, we are able
to examine the dynamics of VCs’ value creation effect at a more detailed level.

4.1

Firm Level Analysis

We first present our baseline results at the firm level. The regression specification we use
to examine the VCs’ value creation effect is outlined in equation 1. We run the specification
on a panel of all the VC-backed and non-VC-backed firms. For VC-backed firms, we only
keep the observations 12 months (i.e., 1 year) prior to and 60 months (i.e., 5 years) post
the first VC investment. This allows us to compare the changes in outcome variables of
VC-backed firms during this window to that of all non-VC-backed firms.

Yi,t = α + βV Ci × P ostt + δt + ηi + i,t

(1)

The unit of analysis here is firm-year-month, where firm A in January 2006 and firm A
in February 2006 are two different observations. The outcome variable Yi,t consist of
three dimensions of interest: sales, number of products, and geographic availability of
products. The main independent variable on which we focus is V Ci × P ostt . It is equal
to 1 if firm i is a VC-backed startup and the time of observation is within 60 months of
the first VC financing. It is equal to 0 otherwise. We include firm and year-month fixed
effects in all regressions to absorb any firm-specific and time-variant unobservables that
could bias our estimation. Suggested by Cameron et al. (2011) and Thompson (2011), we
cluster standard errors at both the firm and year-month level. This allows us to account
for correlations in outcome variables across different firms in the same year-month and
13

different year-months within the same firm.

4.1.1

Sales

We first examine the effect of VC financing on the changes in entrepreneurial firms’ sales.
Column (1) of Table 4 reports the result. We find that, compared to non-VC-backed
firms, VC-backed startups experience a significant increase in sales following the first VC
financing. The effect of VC financing on sales is both statistically significant and large
in magnitude. It indicates that in the five years after the first VC investment, VC-backed
entrepreneurial firms on average have a 85% higher sales than non-VC-backed firms.
[Insert Table 4 here.]
So how exactly do VC-backed startups achieve the growth in sales? We decompose
the sales figures into the average prices of firms’ products and the average quantities of
products sold to examine what contribute to the overall growth in sales of VC-backed
firms. Columns (2) and (3) of Table 4 present the results. We document that, surprisingly,
VC-backed firms achieve the growth in sales by lowering the average prices of their
products and thus increasing the quantities of products sold. In the next five years after
the first VC investment, the average prices of VC-backed firms’ products decrease by 7% on
average, compared to that of non-VC-backed firms. Accordingly, the quantities of products
sold of VC-backed firms almost double. These effects are both statistically significant at
1% level.

4.1.2

Size of Product Portfolios

A number of factors, other than decreasing average prices and increasing quantities of
products sold, could also contribute to the overall increase in sales of VC-backed firms. For
example, the source of revenues could come from firms enlarging their product portfolios.
14

Specifically, firms could introduce new products or expand the production of their existing
products, or do both. We examine this effect of VC financing in this subsection.
[Insert Table 5 here.]
Table 5 report the results. In column (1) we first examine the effect of VC financing
on the overall size of firms’ product portfolios. We find that, in the five years after the
first VC investment, VC-backed startups on average increase the number of products 35%,
compared to non-VC-backed firms. We further decompose the number of products into
the number of new products and existing products. We report the results in columns (2)
and (3). Here the Number of New Products is defined as the natural logarithm of 1 plus
the number of new products introduced by a firm in a given month, while the Number of
Existing Products is defined as the natural logarithm of the difference between the number
of unique products and the number of new products in a firm’s product portfolio in a given
month.11 We find that the increase in the size of VC-backed firms’ product portfolios is not
driven by the introduction of new products. Instead, the production and distribution of
existing products contribute to this growth.
We offer an intuitive numerical example to better facilitate the understanding of the
result in column (3) of Table 5. Think of firm A as a VC-backed startup. In the 12 months
prior to the first VC investment, firm A has three products in their portfolios numbered
as #1, #2, and #3. Product #3 appears in the first month of this 12-month period and
then disappears, while products #1 and #2 remain. After the first VC investment, while
products #1 and #2 are still within firm A’s portfolio, product #3 reappears, possibly due
to the fact that the capital provided by VCs helps firm A to revive the production and
distribution of product #3. This leads to an increase in both the number of products and
11

We do a robustness check, not reported here, following a variable construction strategy similar to that in
Fracassi et al. (2020). Specifically, when constructing the Number of New Products, we do not count products
as new ones if they appear in the first 3 months of a firm’s observations in our sample. This is because, if a
firm appeared at the beginning of our sample (say, January 2006) and started to sell products, it is possible
that it had already started selling these products for a while. The firm only appeared in our sample at that
time because this is the point where Nielsen Retail Scanner Database starts to cover it.
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the number of existing products (since product #3 in this case is not categorized as a new
product).

4.1.3

Products’ Geographic Expansion

In addition to enlarging their product portfolios to generate revenue in the product market,
firms could also expand their products to more geographic locations. In this subsection,
we examine the effect of VCs financing on the geographic availability of firms’ product. We
run the same regression outlined in equation 1, but we change the outcome variables to
the ones that capture the geographic footprints of firms’ products.
[Insert Table 6 here.]
Table 6 reports the results. In column (1) of Table 6 we regress Number of Stores on
the main independent variable of interest, V C × P ost. Number of Stores is defined as the
natural logarithm of the number of unique stores where a firm’s products are sold in a given
month. This statistically significant coefficient indicates that compared to non-VC-backed
firms, VC-backed firms sell their products in 86% more stores in the five years following
their first VC financing.12 Similarly, we regress Number of Counties and Number of 3-digit
ZIP Codes on the same independent variable in columns (2) and (3). Both coefficients
are statistically significant at 1% level. They imply that, after the first VC investment,
VC-backed entrepreneurial firms expand their products to 41% and 67% more counties
and 3-digit ZIP code regions, respectively, than non-VC-backed firms. Our results on
the products’ geographic expansion of VC-backed firms are robust to other measures of
geographic availability. We report these results in Appendix Table A.2.

12

The increase in the number of stores to which VC-backed firms’ products are sold could be partly due to
one retail chain (e.g., Walmart) opening more stores. However, we show in Appendix Table A.2 that there is
also an increase in the number of chains where firms’ products are sold.
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4.2

Firm-Product-Line Level Analysis

The firm-level analysis provides evidence that in the five years following the first VC
financing, VC-backed startup companies experience a greater increase in sales, more
products in the portfolios, and more geographic footprints of products than non-VC-backed
firms. However, those effects could be driven by firms introducing new product lines or
developing the existing ones, or even doing both. By running regressions at the firm level,
we average out the changes in outcome variables in existing and new product lines and
hence lose granularity to some extent. Therefore, in this section, we break down the
analysis from firm level to firm-product-line level to gain a deeper insight into the VCs’
value creation effect on firms’ existing product lines.
We run a regression specification similar to that at the firm level, but now the unit
observation has become firm-product-line-year-month. Equation 2 outlines the regression
specification used in our baseline firm-product-line analysis.

Yi,j,t = α + βV Ci,j × P ostt + ηi×j + δt + i,j,t

(2)

We use the same set of outcome variables Yi,j,t (i.e., sales, size of product portfolios, and
products’ geographic availability), but now these variables are constructed at the level of
firm i’s existing product line j in a given month t. The independent variable V Ci,j × P ostt
is defined the same as the firm level. V Ci,j is an dummy variable equal to one if the
firm i’s product line j is backed by VCs, and it is equal to zero otherwise. P ostt is an
indicator variable equal to one if the time of observation is within the 60 months (i.e.,
five years) of first VC financing and equal to zero otherwise. We run this specification
on a panel dataset of firms from 12 months before and 60 months after the first VC
financing. We include firm-product-line (ηi×j ) and year-month (δt ) fixed effect to absorb
any firm-product-line-specific and time-variant unobservables. The standard errors are
double clustered at the firm and year-month level.
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4.2.1

Sales

To explore the value creation effect of VCs on sales of product lines, we compare changes
in monthly sales of VC-backed firms’ existing product lines after the first VC financing with
that of non-VC-backed firms’ product lines. Table 7 reports the OLS regression results of
Equation 2. Column 1 shows that over the five years after receiving first VC financing, the
sales of VC-backed firms’ existing products lines increase by 22% on average comparing
with that of non-VC-backed firms’ product lines. We further dissect monthly sales into
average prices and quantities of products sold to see which drives the increase in sales.
Column 2 suggests that the 22% increase in sales is driven by a 8% decrease in the average
prices of products of VC-backed entrepreneurial firms’ existing product lines. Column
3 shows that the quantities of products sold of VC-backed firms’ existing product lines
increase by 28% after the first VC financing. Overall, the 8% decrease in prices and the
28% increase in quantities of products sold together drive the 22% increase in sales of
VC-backed startups’ existing product lines five years following the first VC investment.
[Insert Table 7 here.]
Comparing with the firm-level results, we find that, in the firm-product-line level
analysis, the magnitude of increase in sales and quantities of products sold of VC-backed
firms’ existing product lines is smaller, while the decrease of prices is larger. One possible
explanation is that it is the larger existing product lines that drive these results (i.e., a
size effect). In other words, the sales and quantities of products sold of larger product
lines increase more than that of relatively smaller product lines, while the average product
prices of smaller product lines decrease more. One may concern that the introduction of
new product lines could also possibly contribute to the overall results. In the Appendix
section B, we show that with the VC financing, entrepreneurial firms are able to revive the
existing product lines instead of utilizing the financing to establish new product lines.
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4.2.2

Size of Product Portfolios

To better understand how entrepreneurial firms change the size of their product portfolios
after VC financing, in this section, we go one step further and focus on the product
portfolios in firms‘ existing product lines. We first examine the effect of VC financing
on the overall size of product portfolios in firms’ existing product lines. Column 1 in
Table 8 shows that within the existing product lines, in the five years after receiving the
first VC investment, VC-backed firms on average increase the total number of the products
by 11% comparing with the non-VC-backed firms. Since the increase in the overall size
of product portfolios within an product line can be driven either by new products being
introduced or by existing products being developed, we decompose the total number of
products into two variables. Number of New Products in Table 8 represents the number of
new products introduced in a firm’s product line in a given month, while Number of Existing
Products captures the number of products that already exist in a firm’s product line in a
given month. The coefficient estimate in Column 2 suggests that it is not introducing new
products within firms’ existing product lines that has an impact on the increase in the size
of product portfolios. Rather, Column 3 indicates that the 10% significant increase in the
number of existing products leads to the overall effect.
[Insert Table 8 here.]
We offer one possible explanation of the results documented in Table 8.

These

coefficient estimates together suggests that with the help of VC investors, VC-backed firms
resume production of the goods that were in their product portfolios before, which leads
to an overall increase in the size of product portfolios. In other words, some products
may initially exist in their product portfolios. However, it is possible that due to financial
constraints, VC-backed firms decide to stop manufacturing and distributing these products.
After gaining access to venture capital, startups revive the production of those products and
launch them to the market again.
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4.2.3

Products’ Geographic Expansion

The previous two subsections show that VCs create value for startup companies by
increasing the monthly sales and enlarging the product portfolios within their existing
product lines. In this subsection, we explore whether VC investors help entrepreneurial
firms to promote their products in the existing product lines to more geographic locations.
With the help of financing provided by VC investors, we expect that the products in
VC-backed startups’ existing product lines can be expanded to more areas. Table 9 reports
the firm-product-line level results on VC-backed firms’ product availability. Column 1
shows that compared with non-VC-backed firms’ existing product lines, VC-backed firms’
existing product lines increase the geographic availability of products by expanding to 28%
more stores after the first VC investment. The growing number of stores could be due to
firms promoting their products in the existing product lines to more stores in the same
areas. On the other hand, firms could also expand these products to more geographic
regions. Column 2 shows that VC-backed firms expand products in their existing product
lines to 18% more counties than non-VC-backed firms after the first VC financing. In
addition, the coefficient estimate in Column 3 indicates that VC-backed startups also
expand their products in the existing product lines to 28% more 3-digit ZIP code areas
than non-VC-backed firms do. These results, taken together, are consistent with the idea
that VC-backed firms make their products in the existing product lines available to more
geographic areas, and the results are robust to different measures of geographic footprints.
[Insert Table 9 here.]
One concern is that the significant increase of the existing product lines’ geographic
availability can also be driven by the nationwide expansion of stores or retail chains.
In other words, the geographic expansion of products documented in Table 9 is not
necessarily driven by the VCs’ value creation effect. In the Appendix C, we show in
Panel B of Table A.2 that the coefficient estimate on V C × P ost where the dependent
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variable is the number of retail chains is positive and statistically significant at 1% level.
This indicates that the number of retail chains in which the products in VC-backed firms’
existing product lines are sold also increases dramatically, which can partially eliminate
the previous concern.

5

Identification

The fact that we include both firm (firm-product-line) and time fixed effects in our baseline
firm-level (firm-product-line-level) regressions provides first proof of identification.
However, there are still some empirical challenges associated with our setting.

For

example, there could be unobservable common characteristics driving our baseline results,
which leads to omitted variable bias. In addition, VC investors do not choose to invest
in an entrepreneurial firm randomly. The VC-backed startups in our sample could be
systematically different from non-VC-backed private firms. This could result in selection
problem and hence bias our baseline estimation. Therefore, in this section, we aim to
provide evidence that the results established in our baseline specifications are causal. We
do this by employing a difference-in-differences (DiD) approach on a sample of matched
VC-backed and non-VC-backed firms.

5.1

Matching

In this subsection we discuss in details how we match VC-backed firms and their product
lines to non-VC-backed counterparts. For the purpose of our firm-level DiD analysis, for
each VC-backed startup (i.e., a treated firm), we select one non-VC-backed firm (i.e., a
control firm) that appear in the same month of first VC financing of this treated firm. The
matching procedure is based on four variables: firm’s total monthly sales in that month,
total number of stores in which firm’s products are sold in that month, total number of
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products in firm’s portfolio in that month, and the growth in firm’s sales in the last 2 years.
In terms of the firm-product-line-level DiD analysis, for each VC-backed firm’s product
line, we select one non-VC-backed firm’s product line based on the same four variables as
above, except this time we are measuring these variables at the firm-product-line level. In
addition, we require that the selected control firm’s product line have the same module
code as the treated firm’s product line, and that the control firm’s product line appear in
the same month of first VC financing of this treated firm’s product line.13 This way we
ensure that we are comparing apples to apples, instead of apples to oranges (i.e., we are
comparing product lines that produce very similar goods).
We match with replacement each treated firm and firm’s product line with the control
counterpart using the Coarsened Exact Matching (CEM) procedure.
implementation is developed by Blackwell et al. (2009).

This matching

The CEM algorithm first

temporarily coarsens our sample based on the matching variables we choose. Then this
algorithm conducts exact match on the coarsened data and select one control firm (firm’s
product line) for each treated firm (firm’s product line). After this matching is complete,
we return to our uncoarsened (i.e., original) dataset for matched-sample DiD analysis.
By utilizing the strength of exact matching without being subject to the dimensionality
curse, in addition to requiring fewer assumptions, CEM has more appealing statistical
properties than existing matching approaches. Ripollone et al. (2020) show empirically
that with fewer matching variables, CEM generally achieves the best covariate balance.
Table 10 shows the quality of our Coarsened Exact Matching procedure. For firm-level and
firm-product-line-level matching, we achieve the covariate balance on variables both used
and not used in the matching process. After matching each treated unit with one control
counterpart, we combine these two units into an individual group, and use these groups
13

In terms of the module codes, we use the ones assigned by the Nielsen Retail Scanner Database. The
Product Module column in Table 1 provides an example. Nielsen assigns a unique code to each module.
Therefore, for firm-product-line-level DiD analysis, we require the treated and control firm’s product line
have the same code. We are thus able to match, for example, a treated firm’s “candy-chocolate” product line
with the same product line of a control firm.

22

to perform the subsequent DiD analysis.14
[Insert Table 10 here.]

5.2

Difference-in-Differences Analysis

In this subsection we discuss our firm-level and firm-product-line-level DiD results. The
DiD regression specification for firm-level analysis is outlined in equation 3. We run this
specification from 12 months prior to and 60 months post the month of first VC investment.

Yi,g,t = α + βV Ci × P ostt + δg×t + ηi + i,g,t

(3)

We use the same set of outcome variables as in baseline regressions. For example, Sales
is the natural logarithm of the sales of firm i in the matched group g across all the stores
in a given month t. The main variable of interest is the V Ci × P ostt , which is equal to
one if firm i is a VC-backed firm and year-month t is after the month of first VC financing.
We include firm fixed effects in all regressions to control for firm-specific unobservables.
In addition, we include group-by-year-month fixed effects. This allows us to compare the
differences in outcome variables between treated and control firm within the same group
at every point in time. The dummy variable V Ci and time variable P ostt often seen in a
standard DiD framework are subsumed by the above two fixed effects.
[Insert Table 11 here.]
Table 11 reports the results of firm-level DiD analysis. We can see that, compared to
our baseline findings, the coefficients on the effect of VC financing on firms’ sales and
products’ geographic expansion become larger. For example, compared to non-VC-backed
firms, VC-backed firms double their sales in the five years after the first VC investment. The
14

In CEM each group is referred to as a “strata”.
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decrease in products’ average prices is greater, and the increase in quantities of products
sold is hence larger. The coefficients on the size of firms’ product portfolios are smaller
than in the baseline results, though. But the statistical significance remains.
In order to shed more light on the dynamic changes in the outcome variables around the
first VC financing and examine the parallel trend assumption, we break down V Ci × P ostt
into interactions of V Ci with individual year-month indicators, as shown in equation 4.
Here all the other variables are defined similarly to those in equation 3, except that P ostτ
is defined to be equal to one if year-month t is τ months before or after the first VC
financing month. Otherwise it is equal to zero.

Yi,g,t = α +

60
X

βτ V Ci × P eriodτ + δg×t + ηi + i,g,t

(4)

τ =−12,6=−1

We estimate equation 3 for all the outcome variables in the firm-level DiD regressions.
We plot the estimates of β over time in Figure 1. We can see that the difference in
outcome variables between the treated and control firm pre treatment is statistically
indistinguishable from zero. This provides us some relief that the parallel trend assumption
is satisfied. Further, we can see increase in these outcome variables post treatment,
suggesting that VC financing indeed has a causal treatment effect on firms’ product market
performance.
[Insert Figure 1 here.]
Similarly, we run the DiD analysis at the firm-product-line level using the
specification 5. Here all the outcome variables are constructed at the firm-product-line
level. For example, Sales is the natural logarithm of the sales of firm i’s product line j in
group g across all the stores in a given month t. Here the DiD estimator V Ci,j × P ostt
defined similarly as in Equation 3, except now V Ci,j is a dummy variable equal to one if
the product line j of firm i is backed by VCs and equal to zero otherwise.15 We include
15

Here we implicitly assume that every product line within a VC-backed firm is a treated unit. In other
words, if a firm is backed by VCs, then all of its product lines are VC-backed.
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firm-product-line and group-by-year-month fixed effects. β is the parameter of interest.

Yi,j,g,t = α + βV Ci,j × P ostt + δg×t + ηi×j + i,j,g,t

(5)

Table 12 presents the firm-product-line-level DiD results. The empirical pattern is very
similar to baseline results. The DiD estimate of sales becomes both larger in magnitude
and more statistically significant than the baseline coefficient. The coefficients on products’
geographic expansion also become larger. However, similar to our firm-level DiD results,
compared to the baseline findings, the coefficients on the effect of VC financing on the size
of firms’ product portfolios become smaller.
[Insert Table 12 here.]
Similarly, we examine the dynamic changes in the outcome variables around the month
of first VC investment and the parallel trend assumption by estimating specification 6.
We again break down V Ci × P ostt into interactions of V Ci with individual year-month
indicators. Figure 2 presents the results. We can see that our sample satisfies the parallel
trend assumption, and that the treatment effect over time is significant.

Yi,j,g,t = α +

60
X

βτ V Ci × P ostτ + δg×t + ηi×j + i,j,g,t

(6)

τ =−12,6=−1

[Insert Figure 2 here.]

6

Mechanisms

We show in our baseline and DiD analysis that VCs create value in the product market
for the entrepreneurial firms backed by them. Specifically, we show that in the five years
after receiving the first VC financing, VC-backed firms increase their sales and enlarge their
product portfolios by reviving the production and distribution of their existing products.
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In this section, we examine through which channels VCs create value for startups in the
product market. First, we examine the value creation effect of VCs for startups operating
in different competition environment. Second, we study whether the degree of VCs’
involvement in startups’ operation plays a key role in the portfolio companies’ product
market performance.

6.1

Marketing Strategy

How do VCs add value to startups operating in different competition environment? In this
subsection, we examine this question by splitting firms’ product lines into four groups: 1)
firms’ product lines with relatively lower market shares in a less concentrated industry;
2) firms’ product lines with relatively lower market shares in a highly concentrated
industry; 3) firms’ product lines with relatively higher market shares in a less concentrated
industry; and 4) firms’ product lines with relatively higher market shares in a highly
concentrated product line.16 We conduct this double sorting procedure because we argue
that firms have different market power and face different competition landscape in these
sub-groups. Specifically, firms’ product lines with relatively low market shares in a less
concentrated industry possibly have the least market power and experience the fiercest
competition. On the other hand, firms’ product lines with relatively high market shares
in a highly concentrated industry may have greater market power and face less threat of
new entrants. Hence we want to explore the heterogeneous value creation effect of VCs in
these sub-groups.
Putting together all of the VC-backed and non-VC-backed firms’ product lines, we first
calculate, for every year-month, the market share of each firm’s individual product lines
16

We perform such classification only at firm-product-line level rather than firm level. This is because at
firm level, there is no such a concept as ”industry” provided by the Nielsen Retail Scanner Database. In
that case, calculating the industry concentration would be difficult. However, when we split the sample at
firm-product-line level, we can easily apply the concept of ”industry” by grouping firms’ product lines with
the same product module code provided by Nielsen.
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in the corresponding product line group.17 In a particular month, if a firm’s product line
has an above-median market share in the corresponding product line group, then it is
classified into the “High Market Share” group. Otherwise, it is classified into the “Low
Market Share” group. To measure the industry concentration of each product line group in
each year-month, we calculate the Herfindahl-Hirschman Index (HHI) for every product
line group in each year-month. Specifically, for each product line group in every month,
we square the market shares of all the firms’ product lines in that product line group, and
then sum them up to get the HHI for that product line group in that month. Then, in each
month, we assign a product line group into the “High HHI” group if HHI of this product
line group is above the median HHI of all product line groups in that month. Otherwise
it is assigned to the “Low HHI” group. Lastly, we double sort our firm-product-line sample
into four different groups based on their HHI and relative market shares.
[Insert Table 13 here.]
In Table 13, we run our baseline firm-product-line level specification (i.e., Equation 2)
separately for these four groups. We first focus on VC-backed firms that have relatively
lower market power in a less concentrated industry (i.e., many firms have products in
this product line, and the VC-backed firms in our sample only obtain a small portion
of market shares). Surprisingly, we find that although VC-backed firms decrease their
average product prices, this pricing strategy does not contribute to the outperformance of
VC-backed startups relative to non-VC-backed firms in terms of sales. In fact, VC-backed
firms have a lower sales than non-VC-backed firms after the first VC financing, and
this effect is statistically significant at 10% level.

In addition, the product portfolio

size and product geographic availability experience no significant changes comparing to
non-VC-backed firms. We document similar results for VC-backed firms’ product lines with
relatively lower market power and operating in industries with higher concentration. This
17

Each product line group is denoted by a unique product module code provided by the Nielsen Retail
Scanner Database, as discussed in Section 3.
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evidence suggests that VC investors do not create much value for portfolio companies
facing these competitive environments.
Panel B of Table 13 shows that VC firms mainly create value for portfolio companies
with higher market shares in a specific product line. Startups with relatively higher market
shares experience a significant increase in product sales, size of product portfolios, and
geographic footprints of their products after the first VC investment. The only difference
between the “Low HHI” and “High HHI” groups in Panel B is that VC-backed startups
with products in highly concentrated product lines have no significant pricing strategy
change compared with the non-VC-backed firms. VC-backed startups’ product lines with
higher market share in a less concentrated industry appear to compete in the product
market consistent with the implications of Bertrand model (i.e., compete in pricing).
On the other hands, VC-backed startups’ product lines with higher market share in an
industry with higher concentration appear to compete that is in line with the implication of
Cournot model (i.e., compete in quantities of products). VC investors help them promote
their products to more geographic locations associated with larger quantities sold, which
contribute to their increased sales.

6.2

Monitoring

The involvement of VC firms (“monitoring”) plays a vital role in the portfolio companies’
performance. Existing literature documents that the VC monitoring intensity contributes
to firms’ success and is sensitive to geographic proximity (e.g., Lerner (1995), Chen et al.
(2010), Tian (2011) and Bernstein et al. (2016)). In this section, we study the impact
of venture capital monitoring on value creation in portfolio companies’ product markets.
Due to the reduction in travel time, the cost of monitoring for VC investors on portfolio
companies is less when they locate more proximate to each other (e.g., Giroud (2013)
and Bernstein et al. (2016)). We use the geographic distance (in kilometers) between VC
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firms and startups backed by them as a proxy of travel time. However, for a specific
VC deal, oftentimes there are multiple investors. In these cases, one of the investors
usually takes the role of lead VC and syndicates their investments with other follower
investors. Gorman and Sahlman (1989) document that the lead investor is more actively
involved in monitoring the portfolio company. Thus, to capture the monitoring intensity
of VC investors, we calculate the distance between the centroid of the zip code of the
lead investor’s headquarter and that of the corresponding portfolio company. We assume
that longer the distance, more time needed to travel from a VC firm to the corresponding
portfolio company, and thus higher the monitoring cost.
To measure the monitoring effects of VC firms on portfolio companies, we first separate
the whole VC sample into two groups based on the distance between their lead investors’
headquarters and portfolio companies’ headquarters. “Short Distance” is the group with
distance below the median, while “Long Distance” is above the median. Next, for the group
with a short distance, we combine all the non-VC-backed firms and follow the specifications
of our baseline analysis by first examining the impact on the firm level (equation 1) and
then on firms’ existing product-line level (equation 2). We employ the same procedure
for the long-distance group. Table 14 reports the regression analysis. Columns (1) and
(5) in Panel A show the firm-level regression estimated coefficients. The group with short
distance shows a significant increase in sales on average in the five years after receiving the
first VC financing. The increase in sales comes from decreasing the prices of the product
and increasing in quantities sold. This group also shows a similar pattern to our baseline
results on the size of product portfolios and products’ geographic availability. Column
(5) illustrates that for the long-distance group, their monthly sales and prices have no
significant changes five years after VCs’ first investments comparing with non-VC-backed
firms. However, it shows a significant increase in the quantities sold, which comes from
the enlarging of product portfolio sizes and the geographic expansion of their products.
[Insert Table 14 here.]
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To further understand how VC firms’ involvements impact portfolio companies’ existing
product lines, we conduct the same analysis on the product line level. Column (1) in
Panel B shows that, on average, five years after VCs’ first investment, the group with
short distance shows significant increases in product sales, size of existing product lines’
portfolios, and products’ geographic footprints, which are consistent with our baseline
firm-product-line level results. Interestingly, Column (5) suggests that the VC-backed
startups in the “Long Distance” group perform worse than non-VC-backed firms in sales
following the first VC financing.

This effect is statistically significant at 10% level.

Additionally, the size of product portfolio and products’ geographic availability also
experience no significant change compared with non-VC-backed firms. Putting the above
evidence together, we argue that VC investors with higher level of monitoring intensity
indeed create greater value for the startups in the product market.

With a closer

geographic proximity between lead VC investors and corresponding portfolio companies,
VC firms can more actively engage in portfolio companies’ product market decisions with
a lower monitoring cost.

7

Conclusion

This paper studies whether and how venture capitalists (VCs) create value in the product
market for the entrepreneurial firms backed by them. By constructing a novel dataset
based on the Nielsen Retail Scanner and the VentureXpert databases, we show that over the
five years following the first VC financing, VC-backed entrepreneurial firms, on average,
experience 85% higher sales than non-VC-backed private firms. This increase is driven
by a 7% decrease in product prices and a doubling of the quantities of products sold. In
addition, compared to non-VC-backed private firms, VC-backed startups also enlarge their
product portfolios by reviving the production and distribution of their earlier products.
Moreover, after receiving the first VC investment, VC-backed startups also expand their
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products to more geographic locations. With the granular structure of the Nielsen Retail
Scanner Data, we delve deeper and further analyze how VCs help startups create value
in their existing product lines. We find that comparing with that of non-VC-backed firms,
VC-backed firms’ existing product lines also experience increase in the sales, size of product
portfolios, and geographic footprints of their products following the first VC investment.
We use a difference-in-differences (DiD) framework based on a sample of matched
VC-backed and non-VC-backed firms to establish the causality of our baseline findings.
By employing the coarsened exact matching approach, we match one control firm (firm’s
product line) to each treated VC-backed firm (firm’s product line). Both the firm-level
and the firm-product-line level DiD estimations show that VCs create sizeable value for the
entrepreneurial firms backed by them in the product market.
We document several mechanisms through which VCs create value for startups in the
product market. First, we document heterogeneous effects of VC value creation for firms
in different competition environment. We show that the value creation effect of VCs is
stronger for portfolio companies’ product lines with higher market shares. At the same
time, this effect for firms’ product lines with higher market shares is different across
industries with different levels of concentration. We further show that for firms’ product
lines with lower market share and in less concentrated industry, VC-backed firms actually
perform worse than non-VC-backed firms following their first VC financing. Second, we
document that VCs’ value creation effect is stronger for portfolio companies located closer
to lead VCs. Putting these findings in perspective, we argue that, besides providing capital,
VCs also create value for portfolio companies in the product market by directing their
marketing strategy and monitoring their operations.
One limitation of our study is that our results only speak for the firms producing goods
that are sold in stores. For startups in the high-tech industry which provide virtual goods
and services, which happens to be a mainstream of VC investments, the product market
may entail different things. So a possible future research avenue is that researchers could
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look into the latter type of firms and their product market, and see how different financial
intermediaries could add value to their product market performance. Nevertheless, the
product market plays a critical role in the whole economy, and our sample covers the
majority of products that appear our daily lives, so our study helps shed new light on how
VCs create value for entrepreneurial firms and how this value creation effect is manifested
in the economy.
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Figure 1: Dynamics of VC Financing Effects: Firm-level Evidence
These solid lines in the graphs plot the coefficients estimates of regressing different outcome
variables on the interaction term V Ci ×P ostτ in Equation 4. The unit of analysis is firm-year-month.
V Ci is a dummy variable equal to 1 if firm i is a VC-backed entrepreneurial firm, and it is equal
to 0 otherwise. P ostτ is a dummy variable equal to 1 if the observation is τ months away from
the base group, which is one month prior to the first VC investment. It is equal to 0 otherwise. So
the coefficient estimate at time τ shows the difference in outcome variables between treated and
control firms τ months away from the base group. The firm-level outcome variables we examine
here are Sales, Number of Products, Number of Stores, Number of Counties, and Number of 3-digit ZIP
Codes. We control for firm fixed effects, as well as company group by year-month fixed effects. The
standard errors are clustered by both firm and year-month. The vertical lines indicate the month of
first VC financing. The dotted lines represent 95% confidence interval of the coefficient estimates.

(a) Firm: Sales

(b) Firm: N. Products
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(c) Firm: N. Stores

(d) Firm: N. Counties

(e) Firm: N. 3-digit ZIP Codes
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Figure 2: Dynamics of VC Financing Effects: Firm-Product-Line-Level Evidence
These solid lines in the graphs plot the coefficients estimates of regressing different outcome
variables on the interaction term V Ci × P ostτ in Equation 6.
The unit of analysis is
firm-product-line-year-month. V Ci is a dummy variable equal to 1 if firm i is a VC-backed
entrepreneurial firm, and it is equal to 0 otherwise. P ostτ is a dummy variable equal to 1 if
the observation is τ months away from the base group, which is one month prior to the first VC
investment. It is equal to 0 otherwise. So the coefficient estimate at time τ shows the difference
in outcome variables between the same product line of treated and control firms τ months away
from the base group. The firm-product-line-level outcome variables we examine here are Sales,
Number of Products, Number of Stores, Number of Counties, and Number of 3-digit ZIP Codes. We
control for firm-product-line fixed effects, as well as company-product-line group by year-month
fixed effects. The standard errors are clustered by both firm and year-month. The vertical lines
indicate the month of first VC financing. The dotted lines represent 95% confidence interval of the
coefficient estimates.

(a) Firm-Product-line: Sales

(b) Firm-Product-line: N. Products
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(c) Firm-Product-line : N. Stores

(d) Firm-Product-line: N. Counties

(e) Firm-Product-line: N. 3-digit ZIP Codes
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Table 1: Hierarchy of Nielsen Retail Scanner Database: An Illustrative Example
This table provides an example of the hierarchy of Nielsen Retail Scanner Database. The most
granular level of observation is an individual product, which is identified by a unique UPC. Nielsen
Retail Scanner Database provides the weekly average price and quantity sold (along with other
product-related information) for each UPC in a given week in a particular store. Each UPC is
classified into one of the 1,311 product modules, which is nested under one of the 117 product
groups. Each product group is then categorized into one of the 10 departments. In this paper
we refer to a particular product module as a product line of a firm, since this provides the most
granular classification of a product.
UPC

Product Module

Product Group

Product Department

(1)

(2)

(3)

(4)

003700****24
003700****78
075667****05
076585****03
030997****00
038151****26
008087****83
008087****02
001708****27
079450****30
002840****92
002840****17
004000****09
003400****80
007396****80
007296****26

Tooth Whiteners
Tooth Whiteners
Oral Hygiene Brushes
Oral Hygiene Brushes
Hair Coloring - Women’s
Hair Coloring - Women’s
Shampoo-Combinations
Shampoo-Combinations
Snacks-Meat
Snacks-Meat
Snacks-Potato Chips
Snacks-Potato Chips
Candy-Chocolate
Candy-Chocolate
Candy-Lollipops
Candy-Lollipops

Oral Hygiene
Oral Hygiene
Oral Hygiene
Oral Hygiene
Hair Care
Hair Care
Hair Care
Hair Care
Snacks
Snacks
Snacks
Snacks
Candy
Candy
Candy
Candy

Health & Beauty Care
Health & Beauty Care
Health & Beauty Care
Health & Beauty Care
Health & Beauty Care
Health & Beauty Care
Health & Beauty Care
Health & Beauty Care
Dry Grocery
Dry Grocery
Dry Grocery
Dry Grocery
Dry Grocery
Dry Grocery
Dry Grocery
Dry Grocery
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Table 2: Overview of the Nielsen Retail Scanner Data
This table shows an overview of the Nielsen Retail Scanner Data. Products are uniquely identified by
each Universal Product Code (UPC). Parent Firms represents the firms which produce the products
in this dataset. Product Departments, Product Groups, and Product Modules are the hierarchical
structure of each product. Stores, Counties, 3-digit ZIP Codes, Designated Market Areas (DMAs),
Retail Chains, and States show the availability of the products from different dimensions, stores,
retail chains, and geographic locations.
Variable

Num. of Obs.

Products (UPCs)
Parent Firms
Product Departments
Product Groups
Product Modules
Stores
Counties
3-digit ZIP Codes
Designated Market Areas (DMAs)
Retail Chains
States

2,463,853
62,387
10
117
1,311
60,600
2,763
882
209
139
49
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Table 3: Summary Statistics
This table contains the summary statistics of the variables in our study. Panel A presents the
variables constructed at the firm-year-month level. Sales is the natural logarithm of the sales of
firm i across all the stores in a given month t. Prices is the natural logarithm of the average monthly
prices of firm i’s products sold across all the stores in a given month t. This variable is constructed
by first dividing the sales by the quantity of products sold, and then take the natural logarithm.
Quantities of Products Sold is the natural logarithm of the total units of products sold by firm i
across all the stores in a given month t. Number of Products is the natural logarithm of the number
of unique products (identified by unique UPCs) firm i sells across all the stores in a given month t.
Number of New Products is the natural logarithm of 1 plus the number of new products introduced
by firm i in a given month t. We add 1 to avoid losing any observation where firm i does not
introduce any new product in a given month. Number of Existing Products is the natural logarithm
of the difference between the number of unique products and the number of new products in
firm i’s product portfolio in month t. Number of Stores is the natural logarithm of the number of
unique stores where products of firm i are sold in a given month t. Number of Counties is the natural
logarithm of the number of counties where products of firm i are sold in a given month t. Number of
3-digit ZIP Codes is the natural logarithm of the number of 3-digit ZIP code regions where products
of firm i are sold in a given month t. In Panel B, variables are defined similarly, except that the
variables are now constructed at the firm-product-line-year-month level. For example, in Panel B,
Sales is the natural logarithm of the sales of product line j of firm i across all the stores in a given
month t.
Panel A: Within Firm
Variable

Mean

Std. Dev.

1st Quartile

Median

3rd Quartile

Num. of Obs.

Sales
Prices
Quantities of Products Sold
Number of Products
Number of New Products
Number of Exisiting Products
Number of Stores
Number of Counties
Number of 3-digit ZIP Codes

8.256
2.342
5.913
1.680
0.144
1.937
4.309
2.883
3.213

3.556
0.965
3.315
1.445
0.462
1.244
2.694
1.688
2.082

5.798
1.796
3.466
0.693
0.000
1.099
2.197
1.386
1.609

8.354
2.397
5.881
1.386
0.000
1.609
4.248
3.091
3.091

10.740
2.964
8.220
2.565
0.000
2.639
6.234
4.394
4.913

3,734,532
3,734,532
3,734,532
3,734,534
3,734,534
3,734,534
3,734,534
3,734,534
3,734,534

Variable

Mean

Std. Dev.

1st Quartile

Median

3rd Quartile

Num. of Obs.

Sales
Prices
Quantities of Products Sold
Number of Products
Number of New Products
Number of Exisiting Products
Number of Stores
Number of Counties
Number of 3-digit ZIP Codes

7.367
2.125
5.242
0.990
0.064
1.376
4.072
2.786
3.095

3.420
0.986
3.112
1.104
0.283
0.890
2.636
1.671
2.040

4.918
1.554
2.890
0.000
0.000
0.693
1.946
1.386
1.386

7.370
2.185
5.136
0.693
0.000
1.099
3.970
2.944
2.944

9.717
2.754
7.369
1.609
0.000
1.792
5.903
4.277
4.700

12,031,183
12,031,183
12,031,183
12,031,189
12,031,189
12,031,189
12,031,189
12,031,189
12,031,189

Panel B: Within Firm-Product-Line
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Table 4: VC on Sales: Firm Level Baseline Results
This table reports the OLS coefficient estimates from regressing the monthly sales, the average
prices, and the quantities of products sold of firm i on VC × Post. VC × Post is a dummy variable
equal to one if firm i is a VC-backed entrepreneurial firm and the month t is within 60 months (i.e.,
5 years) after the first VC investment. It is equal to zero otherwise. Sales is the natural logarithm
of the sales of firm i across all the stores in a given month t. Prices is the natural logarithm of
the average monthly prices of firm i’s products sold across all the stores in a given month t. This
variable is constructed by first dividing the sales by the quantity of products sold, and then take the
natural logarithm. Quantities of Products Sold is the natural logarithm of the total units of products
sold by firm i across all the stores in a given month t. ***, **, and * denote the 1%, 5%, and 10%
significance levels, respectively. Firm and year-month fixed effects are included. Standard errors
are reported in parentheses and are clustered by both firm and year-month.
Sales

Prices

Quantities of
Products Sold

(1)

(2)

(3)

VC × Post

0.617***
(0.149)

-0.074**
(0.032)

0.692***
(0.144)

Firm FE
Year-Month FE
Adjusted R2
No. Obs

Yes
Yes
0.756
3,733,349

Yes
Yes
0.744
3,733,349

Yes
Yes
0.776
3,733,349
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Table 5: VC on Size of Product Portfolios: Firm Level Baseline Results
This table reports the OLS coefficient estimates from regressing the the number of products, the
number of new products, and the number of existing products of firm i on VC × Post. VC × Post
is a dummy variable equal to one if firm i is a VC-backed entrepreneurial firm and the month t
is within 60 months (i.e., 5 years) after the first VC investment. It is equal to zero otherwise.
Number of Products is the natural logarithm of the number of unique products (identified by unique
UPCs) firm i sells across all the stores in a given month t. Number of New Products is the natural
logarithm of 1 plus the number of new products introduced by firm i in a given month t. We add 1
to avoid losing any observation where firm i does not introduce any new product in a given month
t. Number of Existing Products is the natural logarithm of the difference between the number of
unique products and the number of new products in firm i’s product portfolio in month t. ***, **,
and * denote the 1%, 5%, and 10% significance levels, respectively. Firm and year-month fixed
effects are included. Standard errors are reported in parentheses and are clustered by both firm
and year-month.
Number of
Products

Number of
New Products

Number of
Existing Products

(1)

(2)

(3)

VC × Post

0.298***
(0.051)

0.013
(0.016)

0.267***
(0.043)

Firm FE
Year-Month FE
Adjusted R2
No. Obs

Yes
Yes
0.850
3,733,351

Yes
Yes
0.459
3,733,351

Yes
Yes
0.854
3,733,351
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Table 6: VC on Products’ Geographic Expansion: Firm Level Baseline Results
This table reports the OLS coefficient estimates from regressing the the number of stores, the
number of counties, and the number of 3-digit ZIP code regions where firm i’s products are sold
on VC × Post. VC × Post is a dummy variable equal to one if firm i is a VC-backed entrepreneurial
firm and the month t is within 60 months (i.e., 5 years) after the first VC investment. It is equal
to zero otherwise. Number of Stores is the natural logarithm of the number of unique stores where
firm i’s products are sold in a given month t. Number of Counties is the natural logarithm of the
number of counties where firm i’s products are sold in a given month t. Number of 3-digit ZIP Codes
is the natural logarithm of the number of 3-digit ZIP code regions where firm i’s products are sold
in a given month t. ***, **, and * denote the 1%, 5%, and 10% significance levels, respectively.
Firm and year-month fixed effects are included. Standard errors are reported in parentheses and
are clustered by both firm and year-month.
Number of
Stores

Number of
Counties

Number of
3-digit ZIP Codes

(1)

(2)

(3)

VC × Post

0.620***
(0.132)

0.344***
(0.084)

0.513***
(0.108)

Firm FE
Year-Month FE
Adjusted R2
No. Obs

Yes
Yes
0.767
3,733,351

Yes
Yes
0.729
3,733,351

Yes
Yes
0.758
3,733,351
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Table 7: VC on Sales: Firm-Product-Line Level Baseline Results
This table reports the OLS coefficient estimates from regressing the monthly sales, the average
prices, and the quantities of products sold of firm i’s product line j on VC × Post. VC × Post is a
dummy variable equal to one if firm i is a VC-backed entrepreneurial firm and the month t is within
60 months (i.e., 5 years) after the first VC investment. It is equal to zero otherwise. Sales is the
natural logarithm of the sales of firm i’s product line j across all the stores in a given month t. Prices
is the natural logarithm of the average monthly prices of the products produced by firm i’s product
line j that are sold across all the stores in a given month t. This variable is constructed by first
dividing the sales by the quantity of products sold at the firm’s product-line level, and then take the
natural logarithm. Quantities of Products Sold is the natural logarithm of the total units of products
produced by firm i’s product line j that are sold across all the stores in a given month t. ***, **, and
* denote the 1%, 5%, and 10% significance levels, respectively. Firm-product-line and year-month
fixed effects are included. Standard errors are reported in parentheses and are clustered by both
firm and year-month.

VC × Post

Firm-Product-Line FE
Year-Month FE
Adjusted R2
No. Obs

Sales

Prices

Quantities of Products
Sold

(1)

(2)

(3)

0.200*
(0.120)

-0.088***
(0.023)

0.250**
(0.108)

Yes
Yes
0.748
12,025,939

Yes
Yes
0.781
12,025,939

Yes
Yes
0.761
12,025,939
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Table 8: VC on Size of Product Portfolios: Firm-Product-Line Level Baseline Results
This table reports the OLS coefficient estimates from regressing the the number of products, the
number of new products, and the number of existing products of firm i’s product line j on VC ×
Post. VC × Post is a dummy variable equal to one if firm i is a VC-backed entrepreneurial firm
and the month t is within 60 months (i.e., 5 years) after the first VC investment. It is equal to
zero otherwise. Number of Products is the natural logarithm of the number of unique products
(identified by unique UPCs) in firm i’s product line j that are sold across all the stores in a given
month t. Number of New Products is the natural logarithm of 1 plus the number of new products
introduced by firm i’s product line j in a given month t. We add 1 to avoid losing any observation
where firm i’s product line j does not introduce any new product in a given month. Number of
Existing Products is the natural logarithm of the difference between the number of unique products
and the number of new products in firm i’s product line j in month t. ***, **, and * denote the
1%, 5%, and 10% significance levels, respectively. Firm-product-line and year-month fixed effects
are included. Standard errors are reported in parentheses and are clustered by both firm and
year-month.

VC × Post

Firm-Product-Line FE
Year-Month FE
Adjusted R2
No. Obs

Number of
Products

Number of
New Products

Number of
Existing Products

(1)

(2)

(3)

0.107***
(0.034)

-0.006
(0.006)

0.096***
(0.028)

Yes
Yes
0.853
12,025,945

Yes
Yes
0.352
12,025,945

Yes
Yes
0.849
12,025,945
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Table 9: VC on Products’ Geographic Expansion: Firm-Product-Line Level Baseline Results
This table reports the OLS coefficient estimates from regressing the the number of stores, the
number of counties, and the number of 3-digit ZIP code regions where the products of firm i’s
product line j are sold on VC × Post. VC × Post is a dummy variable equal to one if firm i is a
VC-backed entrepreneurial firm and the month t is within 60 months (i.e., 5 years) after the first
VC investment. It is equal to zero otherwise. Number of Stores is the natural logarithm of the
number of unique stores where the products of firm i’s product line j are sold in a given month
t. Number of Counties is the natural logarithm of the number of counties where the products of
product line j of firm i are sold in a given month t. Number of 3-digit ZIP Codes is the natural
logarithm of the number of 3-digit ZIP code regions where the products of product line j of firm
i are sold in a given month t. ***, **, and * denote the 1%, 5%, and 10% significance levels,
respectively. Firm-product-line and year-month fixed effects are included. Standard errors are
reported in parentheses and are clustered by both firm and year-month.

VC × Post

Firm-Product-Line FE
Year-Month FE
Adjusted R2
No. Obs

Number of
Stores

Number of
Counties

Number of
3-digit ZIP Codes

(1)

(2)

(3)

0.243**
(0.101)

0.165***
(0.064)

0.228***
(0.083)

Yes
Yes
0.754
12,025,945

Yes
Yes
0.717
12,025,945

Yes
Yes
0.745
12,025,945

48

Table 10: Matching Quality
This table presents the results on the matching quality of our coarsened exact matching procedure.
We conduct a one-to-one matching where one VC-backed firm (i.e., treated) is matched with one
non-VC-backed firm (i.e., control) with replacement in the month of first VC investment. We
examine the balance between the treated and control firms in the month of first VC investment
by comparing the variables that are both used and not used in the matching process. In Panel A
we reports the variables constructed at firm level. Sales Growth is the growth in sales of firm i in
the last 24 months (i.e., last 2 years) calculated in a given month t. Total Sales is the sales of firm
i across all the stores in a given month t. Total Units Sold is the total units of products sold by
firm i across all the stores in a given month t. Total Volume is the total volume of products sold by
firm i across all the stores in a given month t. This is different from the Total Units Sold as some
products may be sold in packs and each pack contains a number of individual items. Total Number
of Products is the number of unique products firm i sells across all the stores in a given month t.
Total Number of Stores is the number of unique stores where firm i’s products are sold in a given
month t. Total Number of Counties is the number of counties where firm i’s products are sold in a
given month t. Total Number of 3-digit ZIP Codes is the number of 3-digit ZIP code regions where
firm i’s products are sold in a given month t. Variables in Panel B are defined similarly, but they are
constructed at the firm-product-line level. ***, **, and * denote the 1%, 5%, and 10% significance
levels, respectively.

Panel A: Within Firm
Mean

Sales Growth
Total Sales
Total Units Sold
Total Volume
Total Number of Products
Total Number of Stores
Total Number of Counties
Total Number of 3-digit ZIP Codes

Difference

VC-backed Firms

Non-VC-backed Firms

(1)

(2)

(3)

12.06
792,023.80
42,953.44
74,212.52
21.48
2,120.68
73.73
234.47

12.46
334,636.80
26,185.96
27,554.71
17.05
1,840.05
60.28
188.03

-0.40
457,387.00
16,767.49
46,657.81
4.43
280.63
13.45*
46.44

Continued on next page
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Table 10 – Continued from previous page
Panel B: Within Firm-Product-Line
Mean

Sales Growth
Total Sales
Total Units Sold
Total Volume
Total Number of Products
Total Number of Stores
Total Number of Counties
Total Number of 3-digit ZIP Codes

Difference

VC-backed Firms

Non-VC-backed Firms

(1)

(2)

(3)

10.35
200,145.70
10,518.93
11,996.75
6.29
993.95
48.62
135.42

35.39
2,000,081.70
10,316.16
22,108.11
6.06
942.49
43.59
117.23

-25.04
63.97
202.77
-10,111.37
0.24
51.46
5.03
18.20
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Table 11: Firm Level DiD Results
This table reports the results from difference-in-differences regression of equation 3. The
independent variable VC × Post equals to one if firm i is a VC-backed entrepreneurial firm and
the month t is within 60 months (i.e., 5 years) after the first VC investment. It is equal to zero
otherwise. Panel A represents the estimated coefficients from regressing the monthly sales, the
average prices, and the quantities of products sold of firm i on VC × Post. Sales is the natural
logarithm of the sales of firm i across all the stores in a given month t. Prices is the natural
logarithm of the average monthly prices of firm i’s products sold across all the stores in a given
month t. This variable is constructed by first dividing the sales by the quantity of products sold,
and then take the natural logarithm. Quantities of Products Sold is the natural logarithm of the
total units of products sold by firm i across all the stores in a given month t. Panel B represents
the estimated coefficients from regressing the variables of product introductions of firm i on VC
× Post. Number of Products is the natural logarithm of the number of unique products (identified
by unique UPCs) firm i sells across all the stores in a given month t. Number of New Products is
the natural logarithm of 1 plus the number of new products introduced by firm i in a given month
t. We add 1 to avoid losing any observation where firm i does not introduce any new product in
a given month t. Number of Existing Products is the natural logarithm of the difference between
the number of unique products and the number of new products in firm i’s product portfolio in
month t. Panel C reports the estimated coefficients from regressing variable of firm i’s geographic
footprints on VC × Post. Number of Stores is the natural logarithm of the number of unique stores
where firm i’s products are sold in a given month t. Number of Counties is the natural logarithm of
the number of counties where firm i’s products are sold in a given month t. Number of 3-digit ZIP
Codes is the natural logarithm of the number of 3-digit ZIP code regions where firm i’s products are
sold in a given month t. ***, **, and * represent statistical significance at 1%, 5%, and 10% levels,
respectively. Standard errors are in parentheses and double clustered by firm and year-month.

Panel A: Sales

VC × Post

Firm FE
Group × Year-Month FE
Adjusted R2
No. Obs

Sales

Prices

Quantities of
Products Sold

(1)

(2)

(3)

0.711***
(0.138)

-0.091**
(0.037)

0.802***
(0.135)

Yes
Yes
0.864
19,750

Yes
Yes
0.794
19,750

Yes
Yes
0.874
19,750
Continued on next page
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Table 11 – Continued from previous page
Panel B: Size of Product Portfolios

VC × Post

Firm FE
Group × Year-Month FE
Adjusted R2
No. Obs

Number of
Products

Number of
New Products

Number of
Existing Products

(1)

(2)

(3)

0.262***
(0.052)

0.011
(0.019)

0.238***
(0.043)

Yes
Yes
0.914
19,750

Yes
Yes
0.316
19,750

Yes
Yes
0.920
19,750

Number of
Stores

Number of
Counties

Number of
3-digit ZIP Codes

(1)

(2)

(3)

0.694***
(0.121)

0.381***
(0.079)

0.555***
(0.101)

Yes
Yes
0.857
19,750

Yes
Yes
0.813
19,750

Yes
Yes
0.837
19,750

Panel C: Geographic Expansion

VC × Post

Firm FE
Group × Year-Month FE
Adjusted R2
No. Obs
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Table 12: Firm-Product-Line Level DiD Results
This table reports the results from difference-in-differences regression of equation 5. The
independent variable VC × Post equals to one if firm i is a VC-backed entrepreneurial firm and
the month t is within 60 months (i.e., 5 years) after the first VC investment. It is equal to zero
otherwise. Panel A represents the coefficient estimates from regressing the monthly sales, the
average prices, and the quantities of products sold of firm i’s product line j on VC × Post. Sales is
the natural logarithm of the sales of firm i’s product line j across all the stores in a given month
t. Prices is the natural logarithm of the average monthly prices of the products produced by firm
i’s product line j that are sold across all the stores in a given month t. This variable is constructed
by first dividing the sales by the quantity of products sold at the firm’s product-line level, and then
take the natural logarithm. Quantities of Products Sold is the natural logarithm of the total units of
products produced by firm i’s product line j that are sold across all the stores in a given month t.
Panel B represents the estimated coefficients from regressing the variables of product introductions
of firm i’s product line j on VC × Post. Number of Products is the natural logarithm of the number
of unique products (identified by unique UPCs) in firm i’s product line j that are sold across all the
stores in a given month t. Number of New Products is the natural logarithm of 1 plus the number
of new products introduced by firm i’s product line j in a given month t. We add 1 to avoid losing
any observation where firm i’s product line j does not introduce any new product in a given month.
Number of Existing Products is the natural logarithm of the difference between the number of unique
products and the number of new products in firm i’s product line j in month t. Panel C reports the
estimated coefficients from regressing variable of geographic footprints of firm i’s product line j on
VC × Post. Number of Stores is the natural logarithm of the number of unique stores where the
products of firm i’s product line j are sold in a given month t. Number of Counties is the natural
logarithm of the number of counties where the products of product line j of firm i are sold in a
given month t. Number of 3-digit ZIP Codes is the natural logarithm of the number of 3-digit ZIP
code regions where the products of product line j of firm i are sold in a given month t.

Panel A: Sales

VC × Post

Firm-Product-Line FE
Group × Year-Month FE
Adjusted R2
No. Obs

Sales

Prices

Quantities of
Products Sold

(1)

(2)

(3)

0.245***
(0.094)

-0.048**
(0.022)

0.293***
(0.086)

Yes
Yes
0.831
44,060

Yes
Yes
0.827
44,060

Yes
Yes
0.832
44,060
Continued on next page
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Table 12 – Continued from previous page
Panel B: Size of Product Portfolios
Number of
Products

Number of
New Products

Number of
Existing Products

(1)

(2)

(3)

VC × Post

0.057**
(0.028)

-0.004
(0.007)

0.049**
(0.022)

Firm-Product-Line FE
Group × Year-Month FE
Adjusted R2
No. Obs

Yes
Yes
0.853
44,060

Yes
Yes
0.352
44,060

Yes
Yes
0.849
44,060

Number of
Stores

Number of
Counties

Number of
3-digit ZIP Codes

(1)

(2)

(3)

0.275***
(0.076)

0.208***
(0.050)

0.249***
(0.061)

Yes
Yes
0.821
44,060

Yes
Yes
0.789
44,060

Yes
Yes
0.812
44,060

Panel C: Geographic Expansion

VC × Post

Firm-Product-Line FE
Group × Year-Month FE
Adjusted R2
No. Obs
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Table 13: Mechanism of VC Value Creation: Marketing Strategy
This table presents the coefficient estimates of the interaction term in regression specification 2. The
market share and the industry concentration of product lines are calculated for each firm in every
month. Market share of firm i’s product line j in month t is calculated as the sales of firm i’s product
line j in month t divided by the total sales of product line j across all the firms in month t. Industry
concentration of product line j in a given month t is measured by the Herfindahl-Hirschman Index,
or HHI. This measure is constructed by adding up the squared individual firms’ market shares in
product line j in month t. This HHI measure is thus the same for a given product line in a given
month, representing the concentration level of this product line in that month. In each month,
every product line (both VC-backed and non-VC-backed) is double-sorted into four groups based
on its relative market share and the industry concentration of this product line. If a firm has an
above-median market share in a product line, then it belongs to the “High Market Share” group.
Otherwise, it is in the “Low Market Share” group. Similarly, we assign the product lines with
above-median HHI to the “High HHI” group or below-median HHI to the “Low HHI” group. All
outcome variables are the same as the baseline specification. ***, **, and * denote the 1%, 5%, and
10% significance levels, respectively. Standard errors are double clustered by firm and year-month.
Panel A: Low Market Share
Low HHI

Sales
Prices
Quantities
N. Products
N. New Products
N. Existing Products
N. Stores
N. Counties
N. 3-digit ZIP Codes

VC × Post

S.E.

(1)

(2)

-0.248*
-0.129***
-0.118
0.030
0.005
0.021
-0.099
-0.010
-0.005

0.136
0.036
0.128
0.035
0.009
0.026
0.125
0.099
0.109

High HHI
N. Obs

VC × Post

S.E.

Adj. R2

N. Obs

(3)

(4)

(5)

(6)

(7)

(8)

0.597
0.766
0.567
0.681
0.247
0.641
0.547
0.547
0.543

2,995,825
2,995,825
2,995,825
2,995,828
2,995,828
2,995,828
2,995,828
2,995,828
2,995,828

-0.210
-0.116***
-0.094
-0.030
-0.018**
0.000
-0.024
-0.020
-0.004

0.169
0.044
0.160
0.042
0.009
0.031
0.139
0.113
0.115

0.583
0.732
0.560
0.708
0.250
0.666
0.557
0.558
0.554

3,000,126
3,000,126
3,000,126
3,000,129
3,000,129
3,000,129
3,000,129
3,000,129
3,000,129

Adj.

R2

Panel B: High Market Share
Low HHI

Sales
Prices
Quantities
N. Products
N. New Products
N. Existing Products
N. Stores
N. Counties
N. 3-digit ZIP Codes

High HHI

VC × Post

S.E.

Adj. R2

N. Obs

VC × Post

S.E.

Adj. R2

N. Obs

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

0.233**
-0.047**
0.280***
0.153***
0.007
0.135***
0.243***
0.169***
0.228***

0.099
0.023
0.097
0.049
0.011
0.042
0.083
0.051
0.072

0.848
0.902
0.864
0.904
0.402
0.897
0.874
0.888
0.894

2,997,583
2,997,583
2,997,583
2,997,583
2,997,583
2,997,583
2,997,583
2,997,583
2,997,583

0.282**
-0.035
0.318***
0.091**
-0.011
0.087**
0.323***
0.190***
0.271***

0.113
0.024
0.107
0.041
0.012
0.035
0.102
0.055
0.078

0.875
0.897
0.884
0.920
0.414
0.916
0.882
0.880
0.888

3,008,133
3,008,133
3,008,133
3,008,133
3,008,133
3,008,133
3,008,133
3,008,133
3,008,133
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Table 14: Mechanism of VC Value Creation: Monitoring
This table reports the coefficient estimation from the cross-sectional test. The distance is calculated
by the geographic distance (in kilometers) between lead VC investors and their portfolio companies.
“Short Distance” represents the group with a distance below the median of all VC samples. “Long
Distance” is the group with above-median distance. The regression coefficients are estimated by
analyzing each group combined with all non-VC-backed firms. Panel A presents the coefficient
estimates of the interaction term in regression specification at the firm level (equation 1),
Panel B presents the coefficient estimates of the interaction term in regression specification at
firm-product-line level (equation 2). Firm level analysis controls for firm and year-month fixed
effects. Firm-product-Line level analysis controls for firm-product-line and year-month fixed effects.
All outcome variables are the same as the baseline specification. ***, **, and * represent statistical
significance at 1%, 5%, and 10% levels, respectively. Standard errors are double clustered by firm
and year-month.
Panel A: Within Firm
Short Distance
VC × Post

Sales
Prices
Quantities
N. Products
N. New Products
N. Existing Products
N. Stores
N. Counties
N. 3-digit ZIP Codes

S.E.

Adj.

R2

Long Distance
N. Obs

VC × Post

S.E.

Adj. R2

N. Obs

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

0.679***
-0.077**
0.755***
0.325***
0.019
0.292***
0.663***
0.341***
0.534***

0.178
0.035
0.174
0.061
0.019
0.051
0.160
0.098
0.127

0.756
0.744
0.776
0.850
0.460
0.854
0.767
0.729
0.758

3,730,809
3,730,809
3,730,809
3,730,811
3,730,811
3,730,811
3,730,811
3,730,811
3,730,811

0.427
-0.068
0.495**
0.213**
-0.006
0.189**
0.485**
0.354**
0.445**

0.266
0.075
0.233
0.090
0.025
0.075
0.231
0.162
0.202

0.755
0.743
0.775
0.850
0.460
0.853
0.766
0.729
0.758

3,723,568
3,723,568
3,723,568
3,723,570
3,723,570
3,723,570
3,723,570
3,723,570
3,723,570

Panel B: Within Firm-Product Line
Short Distance

Sales
Average Prices
Quantities
N. Products
N. New Products
N. Existing Products
N. Stores
N. Counties
N. 3-digit ZIP Codes

VC × Post

S.E.

(1)

(2)

0.335**
-0.069**
0.404***
0.150***
-0.002
0.132***
0.374***
0.224***
0.331***

0.137
0.027
0.129
0.040
0.008
0.032
0.120
0.077
0.098

Long Distance
N. Obs

VC × Post

S.E.

Adj. R2

N. Obs

(3)

(4)

(5)

(6)

(7)

(8)

0.748
0.781
0.761
0.853
0.352
0.849
0.754
0.717
0.745

12,017,949
12,017,949
12,017,949
12,017,955
12,017,955
12,017,955
12,017,955
12,017,955
12,017,955

-0.278*
-0.137***
-0.141
-0.000
-0.014
0.006
-0.089
0.013
-0.036

0.152
0.045
0.133
0.045
0.009
0.038
0.138
0.099
0.110

0.748
0.781
0.761
0.853
0.352
0.849
0.754
0.717
0.745

11,991,789
11,991,789
11,991,789
11,991,795
11,991,795
11,991,795
11,991,795
11,991,795
11,991,795

Adj.

R2
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Appendix to
“Venture Capital and Value Creation in the Product Market”

By Xi Chen and Jingxuan Zhang

A

Matching Firm Names

By connecting the company prefix (GCP code) with the GS1 Company Database (GEPIR)
provided by the Product Open Data (POD), we identify 3,768,901 unique UPCs in the
whole Nielsen Data with 62,387 parent companies. To find parent firms that are VC-backed
portfolio companies, we merge the 62,387 parent companies (“Parent Firm Sample”) with
all VC-backed firms in the VentureXpert dataset. Since the Nielsen Data covers information
from January 2006 and December 2019, we drop the portfolio companies which receive
their first VC financing before 2006. This section illustrates how we merge the company
names in the two datasets and finalize our sample. We employ the following matching
procedure:
1.Merge the two datasets using original company names
We use the portfolio companies’ names in the VentureXpert as the baseline group and
merge them with the Parent Firm Sample using the original company names. By doing so,
we successfully find 23 firms.
2.Merge the unmatched companies using standardized names
We first standardize the company names for the rest of the unmatched companies
in both datasets. Specifically, we follow the name-standardization algorithm provided
by the NBER Patent Data Project to standardize the company names.18

This

standardization process removes the punctuation, standardizes the suffix (i.e., changing
both “Corporation” and “Corp” into “CORP”), and capitalizes the company names. After
merging the two datasets, we identify 151 VC-backed firms in the Parent Firm Sample.
3. Merge the unmatched companies using stemmed names
For the remaining unmatched company names, we employ a similar algorithm as before
to create stemmed names (e.g., keeping the main body of a capitalized name and removing
its suffix) and merge two samples based on the stemmed names. We find 142 matched
18

For detailed descriptions of the NBER name-standardization algorithm, see the name standardization
routines on NBER Data Project website: https://sites.google.com/site/patentdataproject/Home/posts/
namestandardizationroutinesuploaded.
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firms from this procedure.
4. Use Python algorithm “fuzzymatcher” to conduct the last-round matching
This algorithm forms all pairwise combinations of every remaining firm between two
samples and then selects the firm pair with the highest fuzzy-name matching score as a
potential match. We follow the same procedure as before to merge the two samples (by
using original names, standardized names, and stemmed names, respectively). Finally,
we manually check the matched sample provided by this algorithm based on information
from Google, Capital IQ, and Nexis Uni. With the help of this python algorithm, we find
47 VC-backed portfolio companies which have products in the Nielsen Data.
As a result, we find 363 VC-backed firms which have products in the Nielsen database.
Since not all the firms have their products’ weekly transaction information, after tracking
the purchasing data at the Nielsen Retail Scanner Data, our final sample contains 252
VC-backed firms, which receive their first VC investment from January 2006 to December
2019, and 46,749 non-VC-backed private firms.

B

Product Lines

In our firm-level baseline specification, we find that in five years after the first VC
investment, VC-backed firms on average have 85% higher sales than non-VC-backed firms
(Section 4.1.1). This increase in sales can be driven by the expansion of new product lines
or the development of existing product lines. In section 4.2.1, we investigate the value
creation in the VC-backed firms’ existing product lines. We find that the existing product
lines increase their sales by 22%, which has a smaller magnitude than the firm level. Thus,
there are two explanations for these results. One is that the larger existing product lines
that produce more products increase their sales more than other relatively smaller existing
product lines. One may also argue that the difference in magnitude can be explained by the
introduction of new product lines. In this section, we examine whether the introduction
A2

of new product lines drives the larger sales increase in the whole firm.
We run the same regression specification as the firm-level analysis (equation 1). Here
the outcome variables are the number of product lines, the number of new product lines,
and the number of existing product lines, respectively. Table A.1 shows the estimated
coefficients of the interaction term. Column (1) shows that in the five years after the first
VC investment, VC-backed firms increase the number of product lines by 8% comparing
to the non-VC-backed firms. To further peel the onion, we analyze the effects on new
product lines and existing product lines. Column (2) concludes that no significant change
in the number of new product lines for VC-backed firms compared to non-VC-backed firms.
Column (3) reports that portfolio companies have 9% more existing product lines than
non-VC-backed firms after the first VC financing.
[Insert Table A.1 here.]
Thus, the increase in the number of product lines comes from the increase in the
number of existing product lines. How can the number of existing product lines increase
after VC financing? Before receiving VC financing, startups may have many different
product lines, and some product lines may be in stasis due to the lack of financial
support. After becoming VC-backed firms, VC firms help them revive those product lines by
providing capital and actively involving. As a result, the VC-backed firms show an increase
in the number of existing product lines.
Overall, table A.1 eliminates the concerns that the overall increase in sales comes from
the expansion of new product lines. In addition, it supports our overall findings that
entrepreneurial firms are able to revive the production of their earlier products with VC
financing.
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C

Other Measures of Geographic Expansion

In section 4.1.3, we find that in the five years following the first VC financing, VC-backed
firms expand their products to 86% more stores, 41% more counties, and 67% more 3-digit
ZIP Code regions comparing with non-VC-backed firms. In addition, section 4.2.3 also
shows a geographic expansion of existing product lines with 28% more stores, 18% more
counties, and 28% more 3-digit ZIP code areas. There are two concerns associated with
the findings: 1) the increase in the number of stores to which VC-backed firms’ products
are sold could be partly due to one retail chain (e.g., Walmart) opening more stores; 2)
the significant increase of the products’ geographic availability can also be driven by the
nationwide expansion of stores or retail chains. To eliminate these two concerns, in this
section, we employ other measurements of the product’s geographic expansion.
Panel A in table A.2 shows that at the firm level, VC-backed firms expand their products
to 50% more retail chains, 60% more DMAs, 40% more states five years following the first
VC investment comparing to non-VC-backed firms. Panel B suggests that for the VC-backed
firms’ existing product lines, on average, they enlarge the availability of their products by
expanding to 23% more retail chains, 26% more DMAs, and 19% more states.
[Insert Table A.2 here.]
First, by utilizing these three different measures of geographic availability, our findings
are robust to the overall conclusion of the products’ geographic expansion of VC-backed
firms. Since we find an increase in the number of retail chains after VC investment, we
can eliminate our first concern. Although there is still a lack of evidence to show that the
overall expansion is not driven by the expansion of stores and retail chains, the significant
results suggest that VC-backed firms enlarge their products’ distribution and geographic
availability nationwide following the VC investment.
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D

Dynamics of Other Measures of Geographic Expansion

In section 5.2, figure 1 and figure 2 show that the difference in outcome variables between
the treated and control firm pre-treatment is statistically indifferent from zero. For post
treatment periods, there is a significant increase in these outcome variables. To better
support our parallel trend assumption and provide more evidence on the dynamic changes
in the outcome variables around the first VC financing, this section shows the dynamics of
other outcome variables.
The three subfigures on the left side of figure A.1 represent the coefficient estimate of
equation 4 over time, where the outcome variables are the number of retail chains, the
number of DMAs, and the number of states. We conclude that before the VC financing,
these geographic expansion variables between treated and control firms are significantly
indistinguishable from zero, and after the VC investment, there is a significant increase in
these variables. In addition, the three subfigures on the right side of figure A.1 show the
coefficient estimate of equation 6 over time. We can come up with the same conclusion as
the firm level.
[Insert Figure A.1 here.]
Thus, by showing the dynamics of these three variables, we can better illustrate that
our matched treated and control groups are very similar pre-treatment. Moreover, this can
shed more light on the fact that VC financing indeed has a causal treatment effect on firms’
product market performance.

A5

Figure A.1: Dynamics of Products’ Geographic Expansion
These graphs plot the dynamics of products’ geographic expansion based on alternative variables
capturing products’ geographic availability. Number of Retail Chains is the natural logarithm of the
number of unique retail chains where products are sold. Number of DMAs is the natural logarithm
of the number of DMAs where products are sold. Number of States is the natural logarithm of the
number of states where products are sold. Estimation technique is similar to that used in Figure 1
and Figure 2.

(a) Firm: N. Retail Chains

(b) Firm-Product Line: N. Retail Chains

(c) Firm: N. DMAs

(d) Firm-Product Line: N. DMAs

(e) Firm: N. States

(f) Firm-Product Line: N. States
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Table A.1: VC on Product Line Reviving
This table reports the OLS coefficient estimates from regressing the the number of product lines,
the number of new product lines, and the number of existing product lines of firm i on VC ×
Post. VC × Post is a dummy variable equal to one if firm i is a VC-backed entrepreneurial firm and
the month t is within 60 months (i.e., 5 years) after the first VC investment. It is equal to zero
otherwise. Number of Product Lines is the natural logarithm of the number of unique product lines
firm i sells across all the stores in a given month t. Number of New Product Lines is the natural
logarithm of 1 plus the number of new product lines introduced by firm i in a given month t. We
add 1 to avoid losing any observation where firm i does not introduce any new product line in a
given month t. Number of Existing Product Lines is the natural logarithm of the difference between
the firm i’s number of unique product lines and the number of new product lines in month t. ***,
**, and * denote the 1%, 5%, and 10% significance levels, respectively. Firm and year-month fixed
effects are included. Standard errors are reported in parentheses and are clustered by both firm
and year-month.
Number of
Product Lines

Number of
New Product Lines

Number of
Existing Product Lines

(1)

(2)

(3)

VC × Post

0.079***
(0.020)

-0.001
(0.004)

0.082***
(0.021)

Firm FE
Year-Month FE
Adjusted R2
No. Obs

Yes
Yes
0.855
3,733,351

Yes
Yes
0.319
3,733,351

Yes
Yes
0.842
3,733,351
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Table A.2: VC on Products’ Geographic Expansion
This table reports the OLS coefficient estimates from regressing the number of retail chains,
the number of DMAs, and the number of states on VC × Post. Panel A presents the variables
constructed at the firm-year-month level. VC × Post is a dummy variable equal to one if firm i is a
VC-backed entrepreneurial firm and the month t is within 60 months (i.e., 5 years) after the first
VC investment. It is equal to zero otherwise. Number of Retail Chains is the natural logarithm of
the number of unique retail chains where products of firm i are sold in a given month t. Number of
DMAs is the natural logarithm of the number of DMAs where products of firm i are sold in a given
month t. Number of States is the natural logarithm of the number of states where products of firm
i are sold in a given month t. In Panel B, variables are defined similarly, except that the variables
are now constructed at the firm-product-line-year-month level. For example, in Panel B, Number of
Retail Chains the number of unique retail chains where products of the product line j of firm i are
sold in a given month t. ***, **, and * denote the 1%, 5%, and 10% significance levels, respectively.
Standard errors are reported in parentheses and are clustered by both firm and year-month.
Panel A: Within Firm
Number of
Retail Chains

Number of
DMAs

Number of
States

(1)

(2)

(3)

VC × Post

0.404***
(0.065)

0.470***
(0.095)

0.335***
(0.073)

Firm FE
Year-Month FE
Adjusted R2
No. Obs

Yes
Yes
0.824
3,733,351

Yes
Yes
0.773
3,733,351

Yes
Yes
0.777
3,733,351

Number of
Retail Chains

Number of
DMAs

Number of
States

(1)

(2)

(3)

0.211***
(0.057)

0.229***
(0.075)

0.175***
(0.060)

Yes
Yes
0.819
12,025,945

Yes
Yes
0.765
12,025,945

Yes
Yes
0.770
12,025,945

Panel B: Within Firm-Product-Line

VC × Post

Firm-Product line FE
Year-Month FE
Adjusted R2
No. Obs
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