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1. INTRODUCTION

PATENT ACTIVITY AND RESEARCH AND DEVELOPMENT (R&D) of firms were studied by the
seminal works of Hausman, Hall, and Griliches (1984), Pakes (1985), and Jaffe (1986), who
used panel data to investigate the relationships among input and output side measures of R&D
activity, and various market value or accounting value based measures of firm performance.
Other more recent works used dynamic patent count panel data models to study the relation-
ships among patent counts, R&D and firm performance (Blundell, Griffith, and Windmeijer
(2002); Wooldridge (2005); Blazsek and Escribano (2010), (2015); Bloom, Schankerman, and
Van Reenen (2013)). In the present work we extend these models by suggesting a new class of
dynamic patent count panel data models. By patent counts, we mean the number of success-
ful patent applications of firms for a given year (Hausman, Hall, and Griliches (1984); Pakes
(1985); Trajtenberg (1990); Lanjouw, Pakes, and Putnam (1998)). Although in recent patent
databases the application date of patents is available with daily precision, this information is
a noisy measure of the time of innovations. Therefore, following Hausman, Hall, and Griliches
(1984), we aggregate patent counts over the year.

Harvey (2013, Chapter 5) noted that promising observation-driven time-series models of
count data are the dynamic conditional score (DCS) Poisson models. In DCS Poisson models
the dynamic equation is updated by the conditional score of the log-likelihood (LL) function, and
the score is with respect to the time-varying conditional hazard parameter. The conditional score
in these models discounts outliers and hence improves model fit. Harvey (2013) demonstrates
the asymptotic theory of the maximum likelihood estimator (MLE) for different DCS models.
These are location and scale DCS models for unrestricted and non-negative univariate continuous
dependent variables, and multivariate DCS models for location, correlation and copula-based
association. However, according to Harvey (2013, Section 5.11), the regularity conditions for
the asymptotic distribution of MLE are not satisfied for DCS count data models based on the
Poisson distribution.

In this paper, we propose new specifications of DCS models that allow us to estimate DCS



time-series models for firm-level panels of patent count data. These are the multiplicative
DCS (MDCS) and additive DCS (ADCS) patent count panel data models. For both DCS
models we consider quasi-ARMA (QARMA) dynamics (Harvey (2013)). In order to demonstrate
the advantages of the new DCS count models, we compare them with the finite distributed
lag (FDL) model (Hausman, Hall, and Griliches (1984)), exponential feedback model (EFM)
(Wooldridge (2005)) and linear feedback model (LEM) (Blundell, Griffith, and Windmeijer
(2002)). We estimate all models for the extended panel dataset of patent applications used
by Blazsek and Escribano (2010, 2015). This panel dataset includes 4,476 US firms for period
1979 to 2000. Related to the statistical inference, we consider the advantages and disadvantages
of alternative estimation methods: MLE, pooled negative binomial quasi-MLE (QMLE) and
generalized method of moments (GMM). For the count panel data models of this paper the
strict exogeneity assumption maintained in MLE fails and GMM is not feasible. Nevertheless,
interesting empirical results are obtained by the pooled negative binomial QMLE for which
the asymptotic distribution of parameter estimates is known (Wooldridge (1997a), (2002)).
We test whether R&D expenditure was exogenous for each model, and we also compare the
statistical performance of different models by the Pearson R-squared and deviance residual R-
squared metrics (Cameron and Windmeijer (1996)). The results suggest that MDCS-QARMA
is superior to FDL, EFM, LFM and ADCS-QARMA.

The remainder of this paper is organized as follows. Section 2 presents the firm-level panel
dataset. Section 3 presents econometric modeling and statistical inference. Section 4 summarizes

diagnostic tests and empirical results. Section 5 concludes.
2. DATA

Griliches (1990) states that the main advantages of patent data are the following: (i) by
definition, patents are closely related to inventive activity; (ii) patent documents are objective
because they are produced by an independent patent office and their standards change slowly
over time; (iii) patent data are widely available in several countries over long periods of time

and cover almost every field of innovation. Lanjouw and Schankerman (1999) and Hall, Jaffe,
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and Trajtenberg (2001) also validate the use of patent statistics in economic research. We
perform all data procedures according to the recommendations suggested by Hall, Jaffe, and
Trajtenberg (2001). The source of the US utility patent dataset of this study is MicroPatent
LLC. The US patent database includes the USPTO patent number, application date, publication
date, USPTO patent number of cited patents, three-digit US technological class and company
name (if the patent was assigned to a firm) for each patent. We use the application date to
determine the time of an innovation, since inventors have incentive to apply for a patent as
soon as possible after completing an innovation (Hall, Jaffe, and Trajtenberg (2001)). Company
specific information is from Standard & Poor’s (S&P) Compustat data files. For each firm, we
use the book value for the sample midpoint year (Hausman, Hall, and Griliches (1984)) and
R&D expenses for each year. We created a match file and crossed the patent dataset with the
firm dataset via the six-digit Compustat CUSIP codes. Firm-specific data are corrected for
inflation by using consumer price index (CPI) data (source: US Department of Labor, Bureau
of Labor Statistics). The sample includes 488,149 US utility patents with application dates for
period 1979 to 2000 (7" = 22 years) of 4,476 US firms (N = 4,476). These data represent a
case for which the cross-sectional dimension of the panel N is large, relative to its time-series
dimension T'. Therefore, we use the asymptotic theory presented by Wooldridge (1997a, 2002)

for the estimation of count panel data models.
3. ECONOMETRIC MODELING AND STATISTICAL INFERENCE
3.1. General Notation of Variables

We observe a panel of patent application counts and other firm-specific variables of i =
1,..., N randomly selected firms for yearst = 1,...,T. n; denotes the annual patent application
count of firm ¢ at period t; rd;; denotes the log of inflation adjusted R&D expenditure of firm 7 at
period t; D; takes the value one for firms in the drug, computer, scientific instrument, chemical
and electronic components industries (high-tech industries), and zero otherwise; firm size b; is

the log of inflation adjusted book value for the sample midpoint year. For each count panel data
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model we summarize the explanatory variables by the vector X; for firm ¢ and period t. For

each model we present the components of X;; in the following section.
3.2. Parameter Estimation by ML

Hausman, Hall, and Griliches (1984) use the ML method to estimate the parameters of their
patent count panel data models that include random effects (RE) or fixed effects (FE). We

denote both RE and FE by a;. MLE maintains the following assumptions:

(ML1) ng|(Xa, ..., Xir, ;) ~ Poisson(A;;), where Ay = A(Xy,0) is the conditional hazard
parameter of the Poisson distribution. This implies strict exogeneity of all explanatory

variables, conditional on «;.

(ML2) A;; is modeled by the exponential function: A; = A(X;,0) = exp(Xyf + Ina;) =

exp(X;0)a.
(ML3) ng| (X1, - - -, Xit, ;) and ng| (X, - - ., Xis, o) for t # s are independent.

(ML4) «; is independent and identically distributed (i.i.d.) with Gamma(1,0) distribution.

This implies that F(«;) = 1 and Var(a;) = 9.

MLE is given by those parameters that maximize LL of the patent application count time series,
ie., 0 = argmaxy LL(n;, ..., n;;0). For RE MLE, (ML1) to (ML4) are maintained, thus «;
is assumed to be independent of X;;. For FE MLE, (ML1) to (ML3) are maintained, hence
a1,...,ay are not treated as latent i.i.d. variables, but rather as constant parameters. As a
consequence, the coefficients of time-constant explanatory variables are not identified and «; is
possibly not independent of X;;. If the assumptions maintained hold, then the ML method will
provide an efficient estimator (Wooldridge (1997a)).

In the following, we present LL for RE MLE and FE MLE. First, for patent count data

models with RE, the marginal density of (n;|X;i, ..., X;) can be obtained by integrating out



a; from the joint density of (n, a;| X, ..., Xi), as follows:

* eXp(—)\it))\th §9al1 exp(—éai)

(]

el T(9)

(31) (nlt\Xﬂ, R ,th) = / dOéi,
0

where I' is the gamma function. The integrand of this equation is the product of the condi-
tional probability mass function of n;|(X1,. .., Xi, a;) ~ Poisson(A;;) and the marginal density

function of a; ~ Gamma(1,5). Under (ML2), equation (3.1) can be written as

(3.2) f(nu|Xia,..., Xu) = & lexp(Xiu )] / exp {—a; [exp(X;8) + I]} a?iﬁ‘s_ldai.

n,t'l—‘((;) 0
In order to evaluate the integral we use the formula

> ['(b+1)
b
(3.3) /0 exp(—az)x’dr = ]

We substitute z = «;, a = exp(X;8) + 6 and b = n; + 6 — 1 into equation (3.3) and obtain

Flesp(Xuf)™  T(na+9)

(34) f(nit|Xila s 7Xit) = nzt‘F((S) [eXp(thﬁ) + 5}711'15-"-5'

Hence, LL for the exponential patent count data model with RE is

(3.5) LL(Xi, ..., X, 0) = Sy Yoy 1a(0) = 3200, Yoiy 61n(6) + nar(Xuf3)
+InT(ny + ) — InT(6) — (ng + 6) Infexp(X;8) + 6].

From equation (3.5) we excluded — In(n;!), since it does not depend on the parameters. Second,
for exponential patent count data models with FE the conditional hazard parameter is \;; =

exp(X;;8)a;. This gives the following form of LL under (ML1):

(3 6) LL(XM, e 7XiT; 9) = Zi\il Z;‘F:l[nit In )\it — ln(nzt‘) — )\n]
= Zf\;l ZtT:l[nit(Xitﬂ +Ina;) — In(ny!) — exp(Xy 8 + In ).



We can approximate FE «a; by solving the first-order condition 0LL/0(Inc;) = 0 that gives

_ 23:1 it .
S exp(XiiB)

We substitute this result into equation (3.6) and introduce the notation

(3-8) Pit = eXP(XitB)/ [Z eXP(Xv;s@] .

Under this notation, LL for the exponential patent count data model with FE is

N N T T T
5.9) LLKreo X 0) =3 Y L0 = 33 [ I <p z) - z] |
=1 t=1 =1 t=1 s=1 s=1

From equation (3.9) we excluded — In(n;!), since it does not depend on the parameters. Haus-
man, Hall, and Griliches (1984) note that this LL is conditional on the sum of the number
of patents in the sample, i.e., Zstl n;s. The asymptotic variance of 6 for both RE MLE and
FE MLE is given by A"'BA~!/N. This is due to the following result shown by Wooldridge
(1997a, 2002): VN(0 — 0) —4 N(0, A" BA™Y), where A = E[—H;(0)]; B = El[s;(8)s:(8));
Hi(0) = S Vosu(0); s:(0) = 3001 su(0) = 31—, Valir(0). Moreover, s;(#) denotes the score
with respect to @ for observation n;, and l;; for RE MLE and FE MLE is given by equations
(3.5) and (3.9), respectively. Consistent estimators of A and B are given by sample averages.
In the following we present the reasons why MLE is probably not the most adequate esti-
mation method for the count data models of this paper. First, for the FDL model k lags of
R&D are considered, X;; = (1, Dy, b;,rdy, ..., rdy_x). For EFM and LFM, X;; also includes
the first lag of patent count and the initial condition, Xy = (1, n—1, 741, Di, by rdig, - . ., 7di—g).
For all DCS count panel data models, X;; includes several lags of the conditional score vari-
able u; instead of the first lag of patent count. For example, for MDCS-QMA(q), X; =
(1, wit—1, - - - s Wit—q, M1, Dy, by, rdyy, . .., rdi—y). In all these models, the strict exogeneity assump-

tion of (ML1) may fail. For the FDL model (ML1) will fail if patent count affects future R&D



expenditure. For EFM and LFM, (ML1) fails since the first lag of patent count n;_; is included
as explanatory variable. For DCS count data models (ML1) fails since the conditional score
u; is a transformation of the patent count n;, hence DCS models also include lagged patent
counts in the model specification. Second, MLE assumes that unobserved effects «; are included
in \;;. For the DCS count panel data models considered in this paper, LL is not available in
closed form when unobserved effects are included in A\;. This is due to the fact that lags of Ay
appear in X;; /3, within the conditional score terms. This motivates the application of pooled
panel data models for which unobserved effects are not considered in the model formulation. As
MLE may not be a consistent estimator of parameters for the count panel data models of this
paper, therefore the pooled negative binomial QMLE (Wooldridge (1997a), (2002)) or GMM
(Chamberlain (1992); Wooldridge (1997b)) estimators that do not require strict exogeneity of

all explanatory variables, are possibly more adequate.
3.3. Multiplicative Exzponential Count Panel Data Models

All models presented in this section are formulated for E(n;| X, ..., Xi) = A\ = exp(Xu0).
For this functional form of the conditional mean, the explanatory variables and the error term
are multiplicative. In this section, we review the pooled FDL model (Hausman, Hall, and
Griliches (1984)) and its extension, the pooled EFM (Wooldridge (2005)). In these models we
do not condition on unobserved effects «; in the count data model, thus we consider pooled

count panel data models. The pooled FDL model (Hausman, Hall, and Griliches (1984)) is

(310) )\it = exp(XitQ) = exp[,uo -+ ’Ylt -+ ’)/Q(t X T’dit> -+ ’)/3Dz + "}/4bz + ﬁ5(L>7”dit],

where t is linear time trend; D; indicates if the firm is in a high-tech industry; b; measures firm
size; fB5(L) = 22:0 BrLF is the lag polynomial of five lags, which captures contemporaneous and
lagged impact of R&D expenses rd;; on patent counts.

The pooled EFM (Wooldridge (2005)) includes the first lag of patent counts n;_; in the



conditional hazard and controls the initial condition n;; of the dynamic process, as follows:
(311) )\it = eXp(XitG) = exp[,uo + ’Ylt -+ ’YQ(t X Tdit) —+ 'VgDz + ’74(?1 —+ Y5141 —+ ﬁg,(L)’f’dit + gblnit,l]

3.4. Multiplicative DCS Count Panel Data Models

We propose a new formulation for the conditional expectation of patent count. The MDCS
count data model is formulated for F(n;|X;1,..., Xy) = Ay = exp(X;#). This implies that
MDCS is also a multiplicative count panel data model, and we do not condition on unobserved
effects a; in the conditional expectation of patent count. MDCS involves lags of the dynamic
term u;;, which is defined as follows:

i — N n;
(3.12) uy = # = A_i —1.
The same innovation term is suggested by Davis, Dunsmuir, and Streett (2003, 2005) and Harvey
(2013, Section 5.11), who propose the DCS Poisson model for time-series data and estimate it by
the ML method. They define u;; according to equation (3.12), since it coincides with the DCS of
the Poisson LL with respect to the conditional hazard parameter ;. This can be demonstrated
as follows. The conditional probability mass function of the Poisson random variable with

conditional expectation \; is

ex _>‘i )\;L'Lt
(313) f(nit|Xi17 cee 7Xit) = M

nit!
The partial derivative of the log of this function with respect to \; is

(9111 f(nit|Xi1, . >Xit) _ @
ONit Ait

(3.14)

-1 = Ujt-

In a time-series framework Davis, Dunsmuir, and Streett (2003, 2005) and Harvey (2013, Section

5.11) suggest using wu; as innovation term for the DCS Poisson model. Furthermore, Harvey



(2013) also suggests DCS time-series models with first-order autoregressive formulation. Ac-

cording to these a possible first-order count panel data model would be

(3-15) it = )\(Xitv 9) = eXp(Xit‘g) = exp(¢1 InAjp—y + Orui—1 + Y;té)

with |¢1| < 1 for covariance stationarity, 0 = (¢1,60,,6) and

(3.16) Vi = po + it + Yot X rdit) + v3D; + b + vsnir + B5(L)rdsy.

Harvey (2013, p. 37, Theorem 1) demonstrates the information matrix for general first-order
DCS models. Unfortunately, the conditions of this theorem do not hold for the first-order
DCS Poisson model of equations (3.15) and (3.16). For time-series data Davis, Dunsmuir, and
Streett (2003, 2005) use an alternative specification for the conditional mean of n;; by considering
several lags of u;, but they do not include autoregressive terms in their model. These authors
derive the information matrix for MLE and show that there exists an asymptotic distribution of
MLE. Nevertheless, Harvey (2013, Section 5.11) notes that the central limit theorem is currently
unavailable for MLE for this model. Based on Davis, Dunsmuir, and Streett (2003, 2005), the

MDCS count panel data model is
(3.17) At = A( X, 0) = exp(Xu) = exp(Vy; + Yi,0)

(3.18) Wipp1 = Oousy + Orus—1 + ... + Oquir—q,

where 0 = (0, ... ,Gq,é). Following the terminology of Harvey (2013, p. 63), we name this
model MDCS-Quasi-MA(q) or MDCS-QMA(q). We also define a more compact formulation
with infinite lags of w;; by the next MDCS-QAR(1) model:

(3.19) Nit = M( Xy, 0) = exp(X0) = exp(Vy + Y;té)
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(3.20) Wirr1 = 1 Ws + Oousr,
where |¢1| < 1 and 8 = (¢1, 6y, 6). Furthermore, we combine the previous models to obtain the
following MDCS-QARMA (p,q) model:

(3-21) Ait = )\(Xitv 9) = eXp<Xit9) = eXP(‘I’it + thé)

(322) \I]Z‘tJrl = (251\111‘15 4+ ...+ (ﬁp\Ilitfp + Gguit + Qluit,l + ...+ unit,q.
3.5. Additive DCS Count Panel Data Models

The previous count data models with exponential conditional mean function assume a multi-
plicative form of the conditional expectation of patent count. Nevertheless, there are several al-
ternative formulations of the conditional mean of patent count in the literature. Examples are the
Box-Cox-like model (Wooldridge (1997a)) and LEM (Blundell, Griffith, and Windmeijer (2002)).
All additive count panel data models of this section are formulated for E(ng| X1, ..., Xi) = Ai-
This implies that we do not condition on unobserved effects o; in the conditional expectation

of patent count. We start with the pooled LFM, which is specified as

(3.23) it = AM(Xit,0) = dp1ngp—1 + eXp(Y;té)a

where 0 < ¢ < 1 and 0 = (¢y, é) Y0 is defined in equation (3.16). In the following, we propose
several ADCS specifications. The ADCS-QMA(q) count panel data model is

(324) )\it = )\(Xitv 0) = \I’it + eXp(YitQ)

(325) \Ijit—i-l =0 + Houit + Qluit_l + ...+ Hqu,-t_q,

where 8* =6y + ... 460, and 8 = (6, ... ,0,,0). We include 6* in equation (3.25) to ensure the

positivity of A\;;. A more compact form of this ADCS specification with less parameters, but
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with infinite lags of u;, is the following ADCS-QAR(1) model:

(326) \IlitJrl = 90 + le\pit + 00“#7

where |¢1| < 1 and 8 = (¢1,60,6). We include 6, as constant parameter in equation (3.26) to

ensure the positivity of \;;. Finally, we also define a more general dynamic formulation, the

ADCS-QARMA(p,q) model, as follows:

(3.27) Wipp1 = 0" + 01 Wi + ...+ &pWir—p + Oowiy + Orug—1 + ... + Ogtiir—q,

where 0* =6y + ... + 60, and 0 = (é1,...,bp, 00, ..., 04,0).
3.6. Parameter Estimation by QML

In this section, we present the details of the pooled negative binomial QMLE method. We use
the methodology presented by Wooldridge (1997a, Sections 4.2 and 9.2; 2002, Section 19.6). The
main advantage of the pooled negative binomial QMLE estimator with respect to MLE is that it
requires weaker assumptions for consistent estimation. First, MLE assumes a specific conditional
distribution of patent count that is not needed for the pooled negative binomial QMLE. Second,
MLE assumes strict exogeneity for all explanatory variables that may fail, for example, due
to lagged dependent variables included as explanatory variables, or due to feedback effects of
past patent counts on future R&D expenses. Nevertheless, the pooled negative binomial QMLE
can consistently estimate models with lagged dependent variables or other variables that are
not strictly exogenous explanatory variables (Wooldridge (1997a)). Third, the pooled negative
binomial QMLE does not consider «; in the model specification. In the count data models
estimated by this method E(n|X,...,Xi) = M X, 0) = Ay, hence we do not condition on
«;. This is useful for both DCS count panel data models, where LL is not available in closed
form due to the latent «; term within X;,[5.

The negative binomial QMLE can be related to the MLE of a count panel data model

12



with RE for the case when the conditional distribution of patent count is Poisson and «; has
gamma distribution. A well-known choice for the parameters of gamma distribution for «; is
Gamma(1,d). By integrating out RE from the joint density of patent count and RE, we obtain
a negative binomial probability specification of the second kind that coincides with the objective
function of the negative binomial QMLE (Hausman, Hall, and Griliches (1984); Cameron and
Trivedi (1986); Wooldridge (1997a)). Furthermore, the use of the log negative binomial proba-
bility mass function as objective function in QMLE is also motivated by Gourieroux, Monfort,
and Trognon (1984a, b), who demonstrate that the negative binomial distribution with fixed
value of § is in the linear exponential family (LEF) of distributions. Gourieroux, Monfort, and
Trognon (1984a, b) show that QMLE is a consistent estimator for LEF, provided that the con-
ditional mean of the dependent variable is correctly specified. For the pooled negative binomial

QMLE we assume that

(QMLE1) The conditional mean of patent count is correctly specified, i.e., F(ng| X, ..., Xi) =
A(Xit,0) = Ao This implies the weak exogeneity (Cameron and Trivedi (2005)) of all

explanatory variables.

We implement the QMLE procedure (Gourieroux, Monfort, and Trognon (1984a, b)) following
the two-step approach suggested by Wooldridge (1997a, Sections 4.2 and 9.2). In the first step,
the 0 parameter of the negative binomial distribution is estimated. In the second step, 5 is
included into LL of the negative binomial distribution and QMLE is performed to estimate 6.
The separate estimation of ¢ and 6 is motivated by Gourieroux, Monfort, and Trognon (1984a,
b). The details of the two-step QMLE negative binomial procedure are as follows. In the first

step, the quasi-log-likelihood objective function for the pooled Poisson estimation is
N T

(3.28) LL(Xi1, ..., Xir, 0) = Y > migIn A(Xy, 0) — M X5, 0) = ZZn,t In(\;t)

=1 t=1 i=1 t=1

The pooled Poisson QMLE, denoted by é, maximizes LL. Gourieroux, Monfort, and Trognon

(1984a, b) show that the Poisson distribution is LEF, hence the Poisson QMLE is a consistent
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estimator under correct specification of the conditional mean of patent count. We define the
Poisson residuals by @, = n; — A( Xy, é), and also define the weighted (or Pearson) residuals
by Uy = i /1) M X, é) Given these residuals, we estimate o by pooled ordinary least squares

(OLS) for the following linear regression model (Wooldridge, 1997a, Section 9.2):

(3.29) @4 — 1 = c+ 6N Xy, 0) + €

fori=1,...,Nand t = 1,...,7. The pooled OLS provides 4, which we substitute into LL
of the second step. In the second step, the quasi-log-likelihood objective function for pooled

negative binomial estimation is

A ZN ZT . 51 A(Xs, 0)
(330) LL(XH,...,XZ»T,&Q) = (5_1 In ~ +nit In = o .
i=1 t=1 0~ + A(Xit, 0) Ot + A( Xy, 0)

The pooled negative binomial QMLE, denoted by é, maximizes LL. Gourieroux, Monfort, and
Trognon (1984a, b) show that the negative binomial distribution is LEF. Therefore, the pooled
negative binomial QMLE is consistent under correct specification of the conditional mean of
patent count.

The asymptotic variance of § is estimated by the following robust estimator. The asymptotic
variance of  is given by A'BA~!/N. This is due to the following result demonstrated by
Wooldridge (1997a): VN (0 — 0) —4 N(0, A" BA~1), where

L [VoA(Xit, 0) VoA( Xy, 0)
(X, 0)

(3.32) B = El[s;(0)s:(0)'].
In the last expression, s;(0) = 3. 5;(0) and the score s;(6) is

_ VG)\(Xita 9)’[”2‘1& - )\(Xita 9)]

(3.33) sit(0) M X, 0) + S)\(Xita 0)?
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For a panel with randomly sampled cross-section, consistent estimators of A and B are

(Xit, 0) VoM Xy, 0
(334 A N 1ZZV9 ity VQ ( it )
A( th,ﬁ) +5)\(X,t,0)

(3.35)

\\Mz

All count panel data models of this paper can be consistently estimated by the pooled negative

binomial QMLE method, given that the conditional mean of patent count is correctly specified.

3.7. Parameter Estimation by GMM

Chamberlain (1992) and Wooldridge (1997b) use the GMM method for count panel data
models with unobserved effects. These authors use GMM for a transformation of patent counts
for which the GMM moment conditions hold. Both authors suggest the GMM method for those
cases when strict exogeneity of explanatory variables fails. Examples of these cases are the

dynamic count panel data models with feedback effects. For GMM we assume that

(GMM1) The conditional mean of n; is correctly specified, E(n;| X1, ..., Xy, @) = A( Xy, 0).
This implies the weak exogeneity of all explanatory variables, conditional on «;. Chamber-
lain (1992) refers to this as sequential moment restrictions (Wooldridge (1997a), Section

10.2; Wooldridge (1997Db)).
(GMM2) The conditional mean function is the exponential function, A\; = exp(X;5 + In ;).

The (GMM1) assumption is weaker than (ML1) since strict exogeneity is not required. The
information set in (GMM1) and the model formulation in (GMM2) includes the unobserved
effect parameter «;. Nevertheless, we do not restrict the distribution of «; conditional on the
explanatory variables. (GMM2) coincides with (ML2), nevertheless (GMM2) may be relaxed to
consider different functional forms of patent conditional expectation (e.g., additive functional

forms). For example, Blundell, Griffith, and Windmeijer (2002) introduce the additive LEM
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and demonstrate the corresponding moment conditions. Furthermore, the parameters of time-
constant explanatory variables are not identified by GMM for the exponential count data model
(Wooldridge (1997b)). This property is similar to FE MLE. Therefore, GMM can be seen as an
alternative of FE MLE with weaker maintained assumptions. Under (GMM2), GMM is applied
to the following transformation of the dependent variable, for each firm ¢ =1,..., N and period

t=1,...., 7T -1

exp(Xi3)

) it(0) = 7 = N — Nipp1 ——————
(3.36) riu(0) = ris = Ny nt—‘rleXp(Xit—i-lﬂ)

where r;(0) indicates that the transformed variable depends on the vector of parameters 6.
Wooldridge (1997b) demonstrates that under (GMM1) and (GMM2), E(r;| X1, ..., Xy, ;) =0
which is the basis for the GMM estimator. For firm 4, we introduce the (T'—1) x 1 vector notation
ri = (ri1, ..., mr—1) for the transformed dependent variables and we also introduce the following

notation for the matrix of instrumental variables:

2 000 0
0 2 0 0
(3.37) 2, = ’
0 ... 0 24

The general element z; of this matrix is a vector with dimensions 1 x L;. We choose the
instrumental variables in Z; as follows. First, z;; = (1,rd;;) thus Ly = 2. Then, a general
element of Z; is given by z; = (1,rd;, ..., rdy, i1, ..., ny—1). This implies that the number of
elements of L, is increasing with ¢t and L, 1 = L; + 2. The dimensions of Z; are (T'— 1) x L,
where L = Ly + ...+ Lp_; is the number of all instrumental variables. For our dataset and

variables the dimensions of Z; is 21 x 462. We use the same matrix of instrumental variables for
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all models. The GMM estimator is given by

N /
> Zir(0)| W

i=1

b

(3.38) 0 = arg mgin

N
Z Ziri(0)
i=1

where W denotes the L x L general positive definite weight matrix. There is no closed form
solution to this problem, since the expression to be minimized is non-linear in . Therefore, we
solve it numerically. For the weight matrix we use

-1

N
(3.39) W=Q7' = [N—l > Ziririz;
=1

The asymptotic distribution and the robust covariance matrix of parameter estimates is obtained

by the following result (Wooldridge (1997b)):
(3.40) VN(f — ) ~g N [o, (R’Q*R)‘l} ,

where Q7! is estimated according to equation (3.39) and R is an L x K matrix (K is the number

of parameters). Moreover, R is estimated as

N ~
(341) R=N"'Y" Z;arge(e),
i=1

where amt(é) /00 for the parameter B € 8 that corresponds to z;; € X is given by

87’“(9)

xp( X
(3.42) PY; = —Nie1(Tit — Tirt1) b (Xuf)

eXp(Xit+16) .

We combine equations (3.36) and (3.42), to obtain

Tt 0
(3.43) 0 8ﬁg ) = (rie — nie) (T — Tier1).

For time-constant explanatory variables equation (3.43) is zero for all ¢, hence the estimate of
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R'Q7'R is a singular matrix. Therefore, GMM standard errors cannot be computed for models
with time-constant explanatory variables. The asymptotic covariance matrix of 8 is estimated
by (RO R)~'/N, and it is evaluated at the GMM parameter estimates 0.

The joint null hypothesis of adequate functional form of A\; and exogeneity of instrumental
variables can be tested by the GMM overidentification test statistic, evaluated at the GMM
parameter estimates (Hansen (1982); Wooldridge (1997b)):

/
Q—l

(3.44) N~ ~a XL = K).

N
> Ziri(0)
i=1

N
> Ziri(0)
=1

Although GMM is very general with few assumptions maintained, we do not use this method
to estimate parameters of the count panel data models due to the following reasons. First,
GMM assumes that the unobserved effect «; appears in A\;. If lags of the conditional score are
included in X;;/3, as in both DCS models, then r;; cannot be computed due to the latent a; term.
This makes the GMM distance minimization problem unfeasible for the DCS count panel data
models. Similar to MLE, this issue motivates the application of pooled count panel data models.
Second, the GMM numerical estimation procedure was very slow for our dataset. In order to
increase the speed of GMM we used a reduced number of instrumental variables, as suggested by
Wooldridge (1997b, p. 675). In this way the dimensions of the matrix of instrumental variables
Z; are reduced to 21 x 82, and hence the speed of the GMM code increased significantly. However,
these instruments failed the GMM overidentification test of equation (3.44), and we also had
numerical problems related to the singularity of Q) for the GMM procedure. As a consequence,

the GMM minimization problem did not converge effectively.
4. MODEL DIAGNOSTICS AND EMPIRICAL RESULTS

In this section we present the diagnostic tests and empirical results for the pooled negative
binomial QMLE method. Table I shows the parameter estimates of the following multiplica-
tive patent count panel data models: FDL, EFM, MDCS-QMA(5), MDCS-QAR(1), MDCS-
QARMA(1,1) and MDCS-QARMA(1,5). Table II shows the parameter estimates of the follow-
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ing additive patent count panel data models: LFM, ADCS-QMA(5), ADCS-QAR(1), ADCS-
QARMA(1,1) and ADCS-QARMA(1,5). In both tables we report robust standard errors of
the parameters, obtained by the robust sandwich covariance matrix estimator (Davidson and
MacKinnon (2003)). The last row of Tables I and II presents the pooled OLS estimate of § for
each model for the first step of the pooled negative binomial QMLE procedure. Other rows of
Tables I and II show the second step of the pooled negative binomial QMLE. Tables I and II
present the following interesting results. First, the parameter estimates of vq,...,v5 and their
significance are similar for all count data models. Second, for LFM the dynamic coefficient is
not far from one, le = 0.92, hence the patent count process almost has a unit root. Third,
for LFM besides the contemporaneous R&D effect all R&D effects are negative. This result is
strange and hence questions the consistency of parameter estimates for LEM. Fourth, regarding
& of LFM we can see in Table II that this parameter is very low, with respect to all other count
data models. Fifth, for both ADCS formulations the estimates of § and all R&D effects are
similar to those of MDCS count panel data models.

If the conditional mean of patent count is correctly specified, then contemporaneous R&D
expenditure will be an exogenous variable. Nevertheless, R&D expenses are possibly simultane-
ous with patent application count for all patent count panel data models. We test the exogeneity
of R&D expenses according to Wooldridge (1997a, Section 6.1) and Wooldridge (2002, Section
19.5.1). For all models we consider that contemporaneous log R&D expenses rd;; and the in-
teraction term (¢ x rd;;) are potentially endogenous, while other variables in X;; are exogenous.

Let Z;; denote the exogenous variables in X;;. For different models, Z;; is

(41) FDL Zz‘t = (17 DZ', bi, Tdit—l» Ce 7Tdit—k)

(42) EFM and LFM Zit = (1, Nijt—1,MNy1, DZ‘, bi7 Tdit—la Ce >Tdit—k)
(43) MDCS and ADCS: Zit = (1, Uit—1y -+« y Uit—q, Ti1, Di7 bi; rdit—la ce ,’l"dit_k).

We test the exogeneity of R&D expenses by the two-step approach of Wooldridge (1997a, 2002),
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applied to count panel data model. In the first step we obtain the cross-sectional OLS estimates

from the following regressions, for each period t =1,...,T"

(4.4) (t x rdy) = 1 + Zylly + vy

(4.5) rdit = Yo + Zilly + vy

with ¢ = 1,..., N, vy;; and vy denote error terms. Denote the OLS residuals by 0q;; and 0.

In the second step we include these residuals into the extended panel data model:

(46) FDL and EFM: >\it = exp(XitH + 7}1itp1 + @Qitpg)

(4.7) MDCS: Ay = exp(Wy; + Vi + t1pr + Vot p2)
(4.8) LFM: Ay = ¢p1ng—1 + eXp(Y;té + O1tp1 + Vaipo)
(49) ADCS: )\it = \Ijz‘t + exp(Yité + @1#,01 + @Qitpg).

With respect to the coefficients p; and ps, the null hypothesis that both rd; and (¢ x rd;) are
exogenous is equivalent with Hy : (p; = 0 and py = 0). We use the robust QMLE to test if p;
or po are significantly different from zero. If they are non-significant, then we will conclude that
there is no evidence against the hypothesis that R&D expenses are exogenous. Panels A and
B of Table III present the pooled negative binomial QMLE of p; or ps, with robust standard
errors. Table III demonstrates that the null hypothesis according to which R&D is exogenous
cannot be rejected at the 1% level of significance for FDL, EFM, MDCS-QARMA(1,5) and
ADCS-QARMA(1,5). For other count panel data models R&D is an endogenous explanatory
variable according to the test, thus the conditional mean of patent count is not specified correctly
and the pooled negative binomial QMLE is not a consistent estimator for these models. The
estimation and test results show that for MDCS and ADCS, QAR and several QMA lags are

needed to make R&D expenses exogenous in the conditional mean equation.
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We compare the statistical performance of different patent count panel data models by
R-squared-type model performance metrics. Cameron and Windmeijer (1996) suggest two R-
squared metrics for count data models with negative binomial specification of the second kind.
Cameron and Windmeijer (1996) present the R-squared formulas for the cross-sectional data
case. We implement these formulas for the panel data setup by computing each R-squared for

each time period. The first one is the Pearson R-squared,

(it + 002)
(nt—|—5nt)

> (nie = Aa)®
va 1 (i — Ty)?

(4'10) R123,NB2,t =1- ;

and the second R-squared is based on deviance residuals for ML estimation,

Efil [nit In <t\‘1z> — (ny + 5—1) In (%ﬂ
S [t (32) = e+ 57 (B )|

(4~11) R]ZDEV,NBQ(ML),t =1-

Both R-squared values are defined for each period t = 1,...,7T. In Panels C and D of Table III
we present the simple average over time of Pearson R-squared and deviance residual R-squared
series. We show by bold numbers those well-specified models for which R&D is an exogenous
variable. The results show that MDCS-QARMA(1,5) has the highest mean R-squared values,
with respect to those models where R&D is exogenous. Due to the fact that simple average
may be an inconsistent estimator and also misleading, we also present the evolution of Pearson
R-squared and deviance R-squared in Figures 1 and 2, respectively, for period 1979 to 2000.
In these figures, we present only those models for which R&D is exogenous. Figures 1 and 2
show that the superiority of MDCS-QARMA(1,5) is persistent over time, according to both

R-squared metrics.
5. CONCLUSIONS

In this paper we have introduced a new class of DCS models that allows us to estimate
DCS time-series models for firm-level panels of patent count data. We have estimated several

patent count panel data models for the extended panel data of patent applications used by
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Blazsek and Escribano (2010, 2015). Different patent count data models have been estimated
for a large panel of 4,476 US firms for period 1979 to 2000. We have considered three alternative
estimation methods, MLE, QMLE and GMM, for count panel data models, and we conclude that
the negative binomial QMLE is the most appropriate method. Exogeneity tests have indicated
that R&D is exogenous for FDL, EFM, MDCS-QARMA(1,5) and ADCS-QARMA(1,5). For all
other count panel data models R&D expenditure seems to be an endogenous variable, mainly
due to omitted variables and the fact that the models are not dynamically complete. Hence, the
conditional mean of patent count is misspecified. We have also used different R-squared metrics
in order to compare the statistical performance of count panel data models, which suggest that

the MDCS-QARMA(1,5) model is superior to other count panel data models considered.
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Pearson R-squared (7)
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FIGURE 1.—Pearson R-squared for period 1979 to 2000.
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Deviance residual R-squared (7)
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FiGURE 2.—Deviance residual R-squared for period 1979 to 2000.
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