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Abstract

We adopt a Bayesian econometric technique to address issues of endogeneity and
measurement error when estimating outcomes while also tackling censoring. We
motivate our study based on the theoretical framework laid out by Dasgupta and Stiglitz
[1980] to highlight the endogeneity issue by investigating the relationship between
market structure and innovation. We apply our method to estimate the R&D
expenditures for Chinese manufacturing firms to highlight the importance of the
econometric issues. Reduced-form results suggest a nonlinear relationship between
market concentration and R&D expenditures, while our approach suggests a strictly
positive relationship consistent with canonical theoretical models built on oligopolistic
competition.
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1. Introduction

Estimating outcomes using ordinary least squares (OLS) in the presence of endogeneity
and/or measurement error can result in biased and inaccurate findings. For example,
industrial economists have long considered the relationship between incentives to
innovate and market structure in trying to determine market conditions that encourage
research and development (R&D) activity. Understanding this relationship is important
as R&D by firms leads to innovation, from which companies can obtain economic
rents.! Schumpeter [1942] hypothesized that large firms in concentrated markets are
likely to innovate. Many researchers have since studied this relationship—now known
as the Schumpeterian hypothesis.>

One takeaway from this research is that there is still a need to account for issues
of simultaneity between market structure and R&D. For example, Cohen [2010] noted
“an area where this literature on the tie between R&D and firm size is relatively mute
is the endogeneity of firm size with respect to R&D and innovation.” Further, as
mentioned by Aghion et al. [2005], accurately accounting for the number of competitors
is also challenging and can lead to measurement error. Empiricists have documented
(using Wu-Hausman tests) that, in such instances, orthogonality conditions required for
OLS estimation do not hold.® In a recent paper, Li et al. [2021] also mention the bias
in OLS estimators. This could be exacerbated when using a sample of survey data to
construct variables to control for agglomeration or market concentration ratios where
least squares estimation may be inappropriate and richer econometric strategies are
needed.

Hence, in this paper, we adopt an alternative approach based on econometric
techniques developed by Schennach [2005, 2014] that addresses endogeneity and
measurement error while paying attention to censoring issues (for example, when firms
do not invest in any R&D efforts). Thus, our econometric contribution is twofold in the
sense that we (i) deal with measurement error in critical variables of the model, and (ii)

deal with endogeneity—in this case, of rivals’ R&D, market concentration, and the

IR&D efforts can focus on either reducing the cost of producing a product (R&D related to process
innovations) or on improving the end-product, as well as introducing new products (R&D related to
product innovations) by building directly upon existing products or by introducing new varieties.
2Cohen [2010] recapped empirical research that has considered hypotheses in the Schumpeterian
tradition, updating his previous surveys (Cohen and Levin [1989] as well as Cohen [1995]). In addition,
Gilbert [2006] surveyed literature specifically related to the Schumpeterian hypotheses around market
structure and firm size while Ahuja et al. [2008] surveyed related research in the management literature.
3See, for example, Levin and Reiss [1984] as well as Levin et al. [1985].
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number of rival firms. We use a coherent and unified framework by combining Entropic
Latent Variable Integration via Simulation (ELVIS) (which deals with measurement
error in nonlinear regressors) with Bayesian Exponentially Tilted Empirical Likelihood
(BETEL) (which deals generically with moment conditions using instruments) which
we organize in a general formulation that can, in turn, be estimated using fast Markov
Chain Monte Carlo-based (MCMC) methods.

Considering the literature on R&D, the common approaches researchers have
adopted—recognizing the potential simultaneity between innovative efforts and market
concentration—include instrumenting for concentration or estimating multi-equation
models that treat concentration and R&D as endogenous.* Blundell et al. [1999]
proposed an approach for addressing the endogeneity issue concerning market structure
and R&D by using lagged variables in panel data. They found that concentrated
industries produce fewer innovations though, within an industry, larger firms generate
more innovations. One challenge with this approach is that researchers may have access
to limited data (for example, a panel of data might span only a couple of years) which
might preclude the ability to use lagged variables.

We apply our estimator to Chinese firm-level data for which a short panel exists
so constructing lagged variables removes important observations. The focus of our
research is on inputs or efforts—R&D expenditures—and not on output or productivity
of R&D (for example, patents per dollar of R&D spending). Our data is firm-level and
firms are assigned to industries at the four-digit level under the Standard Industrial
Classification (SIC) codes. ® Reduced-form (OLS) results suggest a nonlinear
relationship between measures of market concentration and R&D expenditures. This
finding is consistent with those of the literature, though we apply this approach to a new
data set.

Estimating analogous models using our hybrid results leads to similar estimates
for a number of covariates that are plausibly exogenous. However, our hybrid
Bayesian approach leads to very different results for the factors that we argue are

endogenous or plagued by measurement error like measures of market concentration.

“As an example of the former, Levin et al. [1985] instrumented for market concentration (four-firm
concentration ratio) in estimating the effect of market structure on R&D intensity. For the latter, Levin
and Reiss [1984, 1988] as well as Connolly and Hirschey [1984] used a four-equation system specifying
relationships between profits, R&D, advertising, and concentration, allowing for nonlinearities.

5As detailed in the survey by Cohen [2010], data collection on R&D efforts and output measures in the
United States is often not disaggregated enough to consider. Instead, research has focused on data from
Canada and Europe (for example, Community Innovation Survey data) primarily.

3



Specifically, our approach suggests a strictly positive relationship exists in our data—
the more concentrated the industry, the more expenditures on R&D. A positive
relationship is consistent with canonical theoretical models built on oligopolistic
competition such as that of Dasgupta and Stiglitz [1980] and offers support of
Schumpeter’s hypothesis. Further, we follow our estimation results by shutting down
elements of our approach and by performing MCMC exercises which encourage
confidence in our approach when issues of endogeneity and measurement error are
present in the data.

Our hybrid approach addresses a number of issues: censoring, measurement
error in explanatory variables, and endogeneity. The latter two challenges are
particularly important as measurement errors can result not only from poor data but
when variables are constructed using a subset of all firms while endogeneity is prevalent
in similar applications. For example, one firm’s R&D expenditures might depend on
the R&D expenditures of rival firms. However, that aggregate value can also be plagued
by measurement error if all firms are not observed or if firms are not correctly classified
into industries. This issue could be exacerbated, especially if they participate in multiple
industries but variable construction is built around only their primary industry.

We acknowledge that endogeneity can be dealt with in a generalized method of
moments (GMM) framework using moment conditions. However, there is increasing
evidence that GMM can behave erratically in finite samples (see the initial work of
Hansen et al. [1996] for example) and its behavior is not ideal when instruments are
weak or invalid. Hence, our hybrid approach that is based on the BETEL of
Schennach [2005] can be thought of as a Bayesian version of GMM which addresses
the shortcomings of a GMM strategy. In this framework, although we cannot entirely
solve the general problem of weak or invalid instruments, we have, at least, a principled
way to test these assumptions. In our application, we use MCMC methods to provide
access to the posterior implied by moment conditions, as suitable instruments are
available.

Measurement errors complicate the analysis considerably. There is no standard
approach to the problem, though Lewbel [1997] proposed one solution in which
functions of the data can be used as instruments in multiple-stage least-squares
regression using higher moments of the data. We use the ELVIS method of Schennach
[2014] and specialized MCMC algorithms based on Girolami and Calderhead [2011]

to access the posterior of the model. ELVIS deals explicitly with measurement error

4



problems and can be embedded into BETEL, allowing us to address these issues by
employing an estimator (from the classical perspective) that has both good asymptotic
and finite-sample properties.

Our paper is structured as follows: in Section 2, we appeal to a simple theoretical
model which highlights the simultaneity between market structure and R&D investment
choices. That model motivates our econometric concerns and allows us to demonstrate
the inadequacy of OLS. In Section 3, we discuss firm-level panel data which we
summarize, noting interesting R&D investment patterns and relationships. We initially
ignore our econometric concerns by formally estimating empirical models in Section 4
using standard techniques including instrumental variables (IVV) method to establish
baseline results. Our hybrid Bayesian estimation strategy, meant to address the
concerns around censoring, measurement error, and simultaneity, is articulated and
estimated in Section 5 where we find important differences in the main takeaways. In
Section 6, we present simulation evidence that allows us to compare our approach with
nested models which include OLS as well as specifications which account for just
measurement error or only endogeneity. Lastly, In Section 7, we summarize and

conclude our research.

2. Conceptual framework
In this section, we simplify the classic Dasgupta and Stiglitz [1980] model based on
Cournot competition, in which R&D expenditures are explicitly a part of firms’
strategies. Consider an industry with n identical firms. Firm i chooses its output
level g; = 0 and an amount to spend on R&D, x; = 0. R&D investments are costly
but reduce the firm’s unit cost of producing output. That is, firm i’s marginal cost ¢; =
c(x;) where ¢'(x;) < 0. Profit for firm i can be expressed as
m;(qi, x5 Q=) = p(Q)q; — c(x)q; — x;

where Q =Y., q; isaggregate output in the industry, Q_; = Q — g; corresponds to
the output of firm i’s rivals which i takes as given, and p(Q) = a — bQ is the
industry demand given aggregate output.

A Nash equilibrium with free entry and exit
[n%, (q1,%1), (g2, X2), ., (qn+, Xxn+)] €nsures that no active firm has incentive to change
its output or R&D investment decision and that no potential entrants (incumbents) have

incentive to enter (exit) the industry given the decisions of other firms. Assuming



symmetry, the first-order conditions for profit maximization equate marginal cost of

R&D expenditures with the maraginal benefit in the form of a reduced marginal cost of

production
1=—qc'(x") 1)
and
p@) —c(x) _0p@Q) g @
r(@") dq* p(Q7)
which, letting s = q/Q, can be transformed to yield the Lerner Index (LI)
p(Q)—cx’) s @)

p(@) €@
where e(-) is the price elasticity of demand.®

In a model with identical firms, s* = 1/n", so equation (3) can be rewritten as
1
11— —) =c(x* 4
P(@) (1~ ) = €6 @

which makes clear that an increase in the number of firms reduces the output of each
individual firm. However, the marginal benefit of R&D expenditures is proportional to
the output level of an individual firm as reflected in condition (1). Thus, as the number
of firms increases, each individual firm reduces output, which reduces the marginal
benefit from R&D expenditures, meaning R&D spending falls for firms active in the
industry. The model then suggests that individual firms in industries with more rivals
will spend less on R&D; the lower the number of competitors (the more concentrated
the market in our symmetric model), the more firms will individually spend on R&D.
Moreover, aggregating across firms and using zero profit conditions means
n*x* 1
p(@)Q°  n'e(Q)

which relates the amount of R&D spending in an industry to the share of industry sales.

()

An important insight of this model is that industrial concentration and research
intensity are simultaneously determined—measures of market concentration and R&D
efforts are endogenous. Firm investment decisions are simultaneous in this model,
which means including variables capturing rivals’ R&D efforts in empirical work will

imply the variables are correlated with error terms.

5This model can be extended to allow for asymmetric firms which differ in their R&D investments and
hence marginal costs, but the LI can still be derived from the structure of the model.
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3. Data

In our application, we use yearly data from The Annual Survey of Industrial Firms
(ASIF) conducted and maintained by China’s National Bureau of Statistics (NBS) for
the period of 2005 to 2007.” The data include firms with annual sales of at least five
million renminbi (RMB) or approximately $735,000—this accounts for over 85 percent
of Chinese industrial output. Firms must report their (unique) legal identification
number as well as the name of the firm, allowing us to track firms that are observed in
multiple years and exploit the panel structure of our data.

According to the classifications of the NBS, the data comprise three types of
firms: (1) privately owned enterprises; (2) foreign multinationals operating in China;
(3) state-owned enterprises. Further, firms are divided into three main categories of
industries: mining, manufacturing, and production and distribution of electricity, gas
and water. In our study, we concentrate only on the subsample of manufacturing firms
during the years 2005-2007, which is when the ASIF included firm-specific R&D
investments. Focusing our sample on this data yields 739,212 observations—
specifically, we observe 217,653, 245,094, and 276,465 manufacturing firms during
years 2005, 2006, and 2007 respectively. Lu and Tao [2009] noted that this upward
trend in manufacturing firms is due to the rapid growth in manufacturing sectors during
the sample period, increasing the number of firms with annual sales which exceed the
five million RMB threshold for inclusion in the ASIF dataset.

In addition to information on the total expenditures on R&D, the data include
information on production activities (employment, capital, intermediate inputs, sales),
balance sheet statements (current and total assets, liabilities, inventories, financing
costs, taxes paid, operating costs, profits), and firm characteristics (industry
classification for primary and secondary products, location, ownership type).
Moreover, the ASIF data contain firm-level trade data which allow us to distinguish
exporters from non-exporters. We define the variables which we work with in Table
A.1 and present pairwise correlations in Table A.2, in the Appendix A.

For each firm in the ASIF data set, the location information details its address
as well as the name of city, district, and province where it is located. Naturally, the
more precise information on a firm’s location allows for more accurate construction of

agglomeration and other geographic-based variables; see, for example, Rosenthal and

"These data were also used by Bai et al. [2006], Cai and Liu [2009], as well as Lu and Tao [2009].
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Strange [2003]. We define geographic units to be at the 2010 zip-code level which is
matched with each firm address in the data and identifies 31,046 areas where
manufacturing firms are located.® We also have information on each firm’s primary
industry code at the four-digit SIC level, for which we see 525 different industries
represented in our data. This is important as empirical researchers in this literature have
found that industry fixed effects explain a large share of variance in R&D-related
dependent variables; for example, see Scherer [1967] and Wilson [1977]. Geroski
[1990] even found that his fundamental result of a positive relationship between
competition and innovation was reversed if industry effects were not included.

In our approach, we go beyond this by controlling not just for industry effects
but, because we have a panel of data, for firm-level fixed effects. Moreover, for a given
firm, we construct industrial agglomeration measures not only at the zip code level, but
within a given SIC code for each zip code for a given year. Note however, that while
this is an important link between theoretical and empirical work, the potential for
measurement error is now much greater for two reasons: (i) variable construction is at
the industry level; (ii) only a subset of potential rivals are observed. The former stems
from firms being classified in the data as participating in a primary industry, which is
certainly convenient for empirical work, but also difficult to think about for multi-
product firms who are then omitted from other industries in which they may be active.®
The latter stems from smaller firms not being included in the data, and hence never
included in variables concerning rivals’ behavior that are computed from the raw data.
We view both of these issues as important sources of measurement error.

In Figure 1 we map total R&D expenditures within each district in China in
2005 (Panel A) and 2007 (Panel B), respectively. Comparing the two maps
demonstrates substantial growth in innovative efforts across these two years in our data.
Both figures make clear that the bulk of R&D investments occur along the coast and
eastern parts of China, consistent with where most of the economic activity occurs. The

maps demonstrate both increased efforts within a number of districts that were already

8Due to growth in China, its administrative boundaries of cities, zip codes, counties, or even provinces
have experienced changes in the last thirty years. We geo-code each address at the 2010 zip code level
which is when boundaries are most disaggregated. Fixing these geographic units maintains the same area
definitions during our analysis.

°0One element of a dataset that could help address this concern from the raw data is if R&D expenditures
were disaggregated and somehow associated with the various products a firm produces so that R&D
investments could be “allocated” towards the different industries. This is not the case in our data nor
most R&D-based datasets with which we are familiar.
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active in R&D spending, as well as the proliferation of these efforts to new districts
which see R&D investments from its constituent firms from 2005-2007. Still, a number
of districts, particularly in central and western China see little R&D activity; these
districts are often geographically much larger, but house few manufacturing firms. In
Figure 2, we plot the locations of all firms in our data which meet the requirements
discussed previously and are used in our forthcoming analysis.

In Table 1, we report summary statistics for important variables in our data.
Specifically, we report the average and standard deviation (below and in parentheses)
for select variables. There are 525 four-digit SIC industries within the manufacturing
sector. Comprising these industries are 324,463 unique firms appearing at least once in
our data. On average, these firms spend about 269.6 million RMB on R&D. These firms
on average enjoy profits of 14,348 million RMB deriving from average sales of 82,856
million RMB. As in Aghion et al. [2005], we construct a LI to represent product market

competition as follows:

L operating profit; — financial cost;;
it = .

(6)

current sales;;

The LI is firm- and time-specific and has several advantages over indicators such as
market share, firm concentration ratios, or the Herfindahl-Hirschman Index (HHI).
These other measures rely more directly on precise definitions of geographic and
product markets (Aghion et al. [2005]). While we know the SIC code that a firm
operates in (allowing us to understand their output market), it can be difficult to define
a specific geographic area relevant for their competition as more than 23% of firms
operate in international markets (the dummy variable Exporter takes a value of one if
the firm exports product outside of China, and zero otherwise). One challenge with
constructing the LI via (9) is that some firms report negative operating profits in a given
year. In Table 1, we provide summary statistics for both the relevant sample given
considerations previously noted, as well as for the restricted sample in which we only
consider observations with nonnegative operating profits so that the LI measure is
properly characterized.

In Figure 3, we plot the log of R&D expenditures (using the right-hand axis)
against the LI measure. The LI, which is bound between zero and one, takes on an

average value of 0.202 and the median value is 0.046 conveying that many markets are
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quite competitive, though the average is being brought up by a few very concentrated
industries. This observation is made clear by a second depiction within this figure which
plots a histogram over the LI measure to give a better sense of this distribution (using
the left-hand axis). Given there is substantial mass near the boundaries, the confidence
interval on the log of R&D expenditures is widest in the middle. The inverted-U shape
depicted in Figure 3 is consistent with what others in the literature have found (see, for
example, Levin et al. [1985]) and matches the trend that Aghion et al. [2005] observed
at the industry level. The inverted-U relationship suggests that R&D expenditures are
highest in modestly concentrated industries—on average, there are 2-3 firms in
industries where the inverted-U obtains its maximum suggesting these industries can
best be characterized by oligopoly.

Given the prevalence of firms with much lower LI, perhaps unsurprisingly,
firms in our data compete in industries with higher competition—a firm faces on
average about 5.8 rivals in our data. These firms have about 200 employees and have
been in business for over eight years on average. About a quarter of all firms produce
two outputs, but less than 10% produce three or more different products. In our analysis,
we consider the firm to compete in the industry that corresponds with the four-digit SIC
code of its primary output.®

With these data in mind, we apply empirical models that are consistent in spirit
with past work in this literature and discuss estimation results in the next section. This
allows us to establish some benchmark findings which can be contrasted with results

from our hybrid Bayesian estimation strategy which we offer in Section 5.

4. Descriptive Regression Results
Given the trends presented in the previous section, we seek to evaluate the relationship
between market power, competition, and R&D efforts as measured by expenditures.
Specifically, we first model these relationships as
log (R&D;j;;) = f(LI;jr) + g(competition; ;)
+ alog (rivals” R&D;j;t) + BX;r + YWy, (7)
+ 6; + T¢ + &jie

10 In considering Chinese firms, one may wonder about the ownership of these enterprises. About 94%
of firms in our data have no governmental ownership; the Chinese government has a minority stake in
1.2% of firms, and a majority stake in 4.8% of firms. We account for this structure in our empirical work
going forward.
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In these specifications, we recognize that the R&D investments of a given firm may
depend on factors that are firm-, industry-, location-, and time-specific. We derived
the LI from our theoretical model in equation (3) and presented its empirical counterpart
to this measure in (6). We proxy for competition by counting the number of firms
operating in the same industry, in the same geographic location (zip code), during the
same year. We model f(-) and g(-) as cubic polynomials of their respective
arguments to allow for richer relationships and given the inverted-U pattern observed
in Figure 3.1 As suggested by the theoretical model presented earlier, we also consider
that firms may be investing in R&D strategically in equilibrium and so these decisions
may depend on the R&D investments of rivals—firms operating in the same industry
j as firm i within a given location [ at time t. Industry j is specified at the four-
digit SIC code, location [ corresponds with a zip code, and time t to a year in the
data.

The theory presented highlights that there are endogeneity concerns with respect
to the regressors related to the Lerner Index (LI), number of rivals, and rivals’ average
R&D. These variables are simultaneously determined with a firm’s own R&D
expenditures in the motivating theoretical structure.

Beyond this, we include covariates that are either specific to a firm and observed
to vary over time (for example, the number of employees at a firm, age of the firm,
exporter status, type of ownership, whether the firm is a multi-product firm; these are
contained in X;;) or to a given location at a point in time (for example, the number of
national and provincial universities in a region; these are contained in W;;).*> These
variables are exogenous regressors potentially important in explaining variance in
firms’ own R&D choices. In our models we also include firm (&;) and time (z,) fixed
effects. The inclusion of firm fixed effects implies that identification of the model is
driven by changes within a firm across years in the data. Since each firm is assigned to
only one industry (that of their primary output) and industry does not change over our
sample, these firm effects capture industry effects which are critical to account for.

The term g, represents an independently distributed error term that is firm-, rivals-,

11 A cubic specification nests a quadratic one, thereby flexibly allowing for such a relationship to arise
without imposing it. This practice is common when modeling potential inverse-U relationships; see, for
example, Grossman and Krueger [1995], De Silva et al. [2016], and De Silva et al. [2021] who all
adopt this approach in modeling the environmental Kuznets curve.

12 Belderbos et al. [2021] also showed that proximity of central R&D units are important orchestrators
of research collaboration with universities.
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location-, and time-specific reflecting influences on (log) R&D;;;, from factors not
included in our model.*® All of these variables are included in all models we estimate.

We present baseline estimates in Table 2, which provides OLS coefficient
estimates from six different specifications nested by the empirical model presented in
equation (7). In the first column, we focus primarily on the relationship between LI and
R&D expenditures, controlling for a firm’s rivals’ spending as well as the firm’s size,
age, and exporter status. Given we represent the LI by a polynomial, interpreting a given
coefficient directly is somewhat difficult. As such, we depict the estimates from column
(6) in Figure 4, Panel A which confirms a nonlinear relationship with an interior peak.
Given our log-log specification concerning rivals’ average R&D expenditures, that
coefficient can be interpreted as an elasticity which suggests that if the average of a
firm’s rivals’ R&D spending increases by 1%, a firm’s own R&D investments would
increase 6.6% in column (1). The larger a firm, as measured by the number of
employees, the more a firm invests in R&D—a 1% increase in employment corresponds
with an 11.1% increase in R&D expenditures. Age is not significant but being an
exporter means R&D spending is nearly 10% higher than non-exporters.

In the column (2), we present estimates from a model in which we omit our LI
measure, but include a cubic relationship concerning the logarithm of the number of
rivals in the market as a measure of competition. Plotting the estimates shows the
relationship between the number of rivals and the logarithm of a firm’s R&D spending
is nearly linear—as the number of rivals increases by one firm, log(R&D) spending
decreases by 0.0012. The effects of other covariates are nearly identical to those
detailed above. In fact, the estimates in column (3) suggest inclusion of both our LI
measure and the competition measure with the same set of covariates leaves our
estimates, and their statistical significance, essentially unchanged. Pushing harder on
this, if we include controls for multi-product firms and the number of higher education
schools in a zip code (as a proxy for how many researchers may live in the area), all
results remain, as reflected by the estimates in column (4). Given we consider Chinese
data in which the government occasionally holds an ownership stake in some firms, we

wanted to make sure that our results are robust to this structure. In column (5), we

13 This is an important assumption needed for this approach. Of course, our focus of issues on
endogeneity (via simultaneity) means there is correlation between ¢&;;, and those variables in our model
which is likely aggravated by the measurement error concerns we have raised. Remember that we are
estimating this model primarily to establish baseline results for comparison.
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consider a model in which we include directly the share of government ownership in
the firm. That covariate is not significant and our earlier discussion continues to apply.
Lastly, in column (6), we include two dummy variables to capture whether the
government is a minority or majority owner (with no government ownership, which
represents the case for 94% of the firms in our data, as the omitted category). While
there is weak evidence that when the government owns a minority stake in the firm,
there is an increase in R&D expenditures by 8.7% (significant at the 10% level), all of
the other effects (those of which we are primarily interested in) remain unchanged.

As our simple theoretic model based off Dasgupta and Stiglitz [1980] showed,
R&D and market structure are determined simultaneously in equilibrium. Our reduced-
form approach does not address these endogeneity concerns as covariates are likely to

be correlated with the error term &;;;, in equation (7) due to strategic behavior, as our

model presented earlier highlighted. Additionally, variables like the L1 and number of
employees are likely to be endogenous. A common approach to addressing endogeneity
would to to adopt an IV regression model. To gauge the importance of endogeneity
within a comparable framework, we instrument for market concentration, competition,
and rivals’ R&D.

The set of instruments that we use can be partitioned into two categories: those
that are included and those that are excluded. The exogenous regressors used in the
reduced-form model (firm’s age, status as an exporter, variables capturing the number
of products the firm manufactures, its’ ownership structure, as well as the variables
accounting for the number of (regional and national) universities in the same area, along
with firm fixed effects) are considered to be included instruments. When it comes to
excluded instruments, practitioners might use something like lagged versions of the
independent variables (e.g., Arellano-Bond, which is not ideal given our short panel),
or introduce new variables that can serve as instruments. For example, in our
application, one might consider local/county tax rates or the dista