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ECONOMETRIC MODELS FOR COUNT DATA WITH AN
APPLICATION TO THE PATENTS-R&D RELATIONSHIP

By Jerry HausmaN, BRowwyn H. HaLL, aND ZvT GRILICHES'

This paper focuses on developing and adapting statistical models of counts (nonnegative
integers) in the context of panel data and using them to analyze the relationship between
patents and R & D expenditures. Since a variety of other economic data come in the form
of repeated counts of some individual actions or events, the methadology should have wide
applications.

The statistical models we develop are applications and generalizations of the Poisson
distribution. Twe important issues are (i) Given the panel nature of gur data, how can we
allow for separate persistent individual (fixed or random) effects? (ii) How does ane
introduce the equivalent of disturbances-in-the-equation into the analysis of Poisson and
ather discrete probability functions?

The first problem is solved by conditioning on the total sum of cutcomes over the
ohserved years, while the second prablem is solved by introducing an additional source of
randamness, allowing the Paoisson parameter to be itself randomly distributed, and com-
pounding the two distributions. Lastly, we develop a test statistic for the presence of serial
correlation when fixed effects estimators are used in nonlinear conditional madels.

INTRODUCTION

THIS PAPER AROSE out of the analysis of a specific substantive problem: the
relationship between the research and development (R & D) expenditures of firms
and the number of patents applied for and received by them. There are two
salient aspects of the data we wish to analyze. (i) Our dependent variable is a
count of the total number of patents applied for by a particular firm in a given
year. It varies from zero to several or even many, for some firms. (i) We have
repeated abservations for the same firms. That is, our data form a combined
time-series cross-section panel. In this paper, we focus, therefore, on developing
and adapting statistical models of counts (nonnegative integers) in the context of
panel data and using them to analyze the relationship between patents and
R& D expenditures. This is not, however, the only possible application for the
methods discussed in this paper. A variety of other economic data come in the
form of repeated counts of some individual actions or events. The number of
spells of sickness in a year, the number of records purchased per month, the
number of cars owned, or the number of jobs held during a year, all have
nonnegligible probabilities of zero and are nonnegative integers.

The statistical models we develop are applications and generalizations of the
Poisson distribution. After rewriting the Poisson distribution as a function of a
number of independent variables we have to deal with two additional issues.
(i) Given the panel nature of our data, how can we allow for separate persistent
individual (fixed or random) effects? (i1) How does one introduce the equivalent
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of disturbance-in-the-equation into the analysis of Poisson and other discrete
probability functions?

The first problem is solved by conditioning on the total sum of outcomes over
the observed years, while the second problem is solved by introducing an
additional source of randomness, allowing the Poisson parameter to be itself
randomly distributed, and compounding the two distributions. The relevant
likelihood functions and the associated computational methods are described in
the body of the paper.

The substantive application continues the work of Pakes and Griliches [25]. In
that work patent data for 8§ vears (1968-1975) and 121 U.8. companies were
analyzed as a function of their current and lagged R & D expenditures. A log-log
functional form was used and the “zero value” problem was “solved” by
(a) choosing companies so as to minimize this problem (only 8 per cent of the
observations were zerc in any one year) and (b) setting zeroes equal to one and
adding a dummy variable to allow the equation to choose implicitly another
value between zero and one. The questions of interest were (a) the strength (fit)
of the relationship between patents and R&D, (b) the elasticity of patents with
respect to R&D expenditures, {c) the shape of the distributed lag of R&D
effects, and (d) the presence and sign of a trend in this relationship. The major
findings were: A high fit (R* =.9) cross-sectionally and a lower (R? = .3) though
still statistically significant fit in the “within” time series dimension of the data.
The estimated elasticity was around 1.0 in the cross-sectional dimension, drop-
ping to about .5 in the within, shorter-run time dimension. The shape of the
distributed lag was not well defined, with some indication of lag-truncation bias
(the possible influence of pre-sample unmeasured R&D expenditures) which
could not, however, be well distinguished from a fixed firm effect.” A negative
time trend was found in most of the examined data subsets.

In this paper we wish to reexamine the earlier findings using a more appropri-
ate model for such data, a model that reflects explicitly its integer nature. We do
not expect the results to change much since the “zero” problem is relatively
minor in this sample (8 per cent). We are interested, however, in developing this
methodelogy because the sample is being expanded to encompass many snore
smaller firms with a concomitant increase in the importance of such issues. We
use a sample of 128 firms for the 7 years 1968-1974. The patent data were
tabulated for us by the Office of Technology Assessment and Forecasting of the
U.S. Patent Office and the R& D data were taken from the Compustat tape and
other sources (see Pakes and Griliches [25] for more detail on sample derivation
and construction), and deflated by an approximate R&D cost deflator.

The rest of the paper is organized as follows: Section 1 presents the simple
Poisson regression model and applies it to our data. Section 2 develops a
generalization which allows each firm to have its own average propensity to

21t is difficult to distinguish in a short series between a left-out pre-sample cumulated R& D value
whase effect is dying out slowly and a “permanent fixed” individual firm effect. See Griliches and
Pakes [15] for further discussion of these issues.
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patent by conditioning separately the count distribution of each firm on the sum
of its patents for the whole period. Section 3 allows for the “cver-dispersion” in
the data by letting each firm’s Poisson parameter have a random distribution of
its own, leading to the estimation of a negative-binomial model for these data.
Section 4 explores in our nonlinear context the parallels to the “within"”-
“between” dichotomy in linear models. Section 5 summarizes the major method-
ological and substantive results and discusses some possible future lines of work,

I. THE POISSON MODEL AND APPLICATION

The Poisson distribution is often a reasonable description for events which
occur hoth “randomly and independently” in time.* It seems a natural first
assumption for many counting problems in econometrics. Let us denote the
Poisson parameter as A, and consider specifications of the form logh = X3 where
X is a vector of regressors which describe the characteristics of an observation
unit in a given time period. Denote u, as the observed event count for unit §
during the time period . The advantages of the Poisson specification are: (i) In
many ways it is analogous to the familiar econometric regression specification. In
particular, E{n,|X,)=A,. Furthermore, estimation of unknown parameters is
straightforward and is done either by an iterative weighted least squares tech-
nique or by a maximum likelihood algorithm. The log likelihcod functien is
globally concave so that maximization routines converge rapidly. (i1} The “zero
problem,” n, = 0, is a natural cutcome of the Poisson specification. In contrast to
the usual logarithmic regression specification we need not truncate an arbitrary
continuous distribution. Likewise, the integer property of the outcomes n, is
handled directly. For large #, a continuous approximation often suffices. But for
small n,, a specification which models the counting properties of the data (both
large and small) seems in order. (iii) The Poisson specification allows for
convenient time aggregation so long as its basic assumption of time indepen-
dence holds true. Thus, if the counting process is Poisson over time ¢ = 1, T with
parameter A, then the aggregate data over period one to T are also Poisson with
parameter A, = S'7_ A,. This property permits the convenient generalization of
the Poisson model to be developed below. The time independence property is
also a potential weakness of our specification given the often noted serial
correlation of residuals in econometric specifications. We will attempt to distin-
guish carefully between true time independence versus apparent dependence due
to unobserved heterogeneity of the individual units.

Our basic Poisson probability specification is

£ _"\u}\"%'a

(1) po(m) = f(n) = T‘H .

*1t has a long history in the analysis of accident data with perhaps the most famous example being
von Bortkiewicz's 1898 study of accidental death by mule kick in the German army. The Poisson and
subsequent maodels that we consider might also usefully be analyzed as members of the “generalized
linear madel” class of Nelder and Wedderburn [22], See also Johnson and Kotz {19]. Gilbert (12] has
applied the Poisson model to economic data.
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In our application, i indexes firms and ¢ indexes years and we specify logh,
5. Note that A, is a deterministic function of X,,, and the randomness in the
model comes from the Poisson specification for the #,. The moment generating
function of the Poisson distribution is m(r)=e "¢*" so that the first two
moments are E(n,) = A, and V(n,) = A,. The regression property of this specifi-
cation arises from E(n,) = A,, but it is not uncommon to find that the variance
of n, is larger than the mean empirically, implying “overdispersion™ in the data.
After an initial exploration of the Poisson model, we shall consider the possibility
of such overdispersion.
The log likelihood of a sample of N firms over T time periods for this Poisson

specification is
N T

(1.2) L(ﬁ) = 2 2 [”ﬂ! — %P 4 ”E;Xnﬁ]-
i=1r=1|

The gradient and Hessian take the forms

22[ Xi{ne — e™*)),
aﬁaﬁ =2 X[~ (XX, )e ).

The first order conditions indicate that 8 can be estimated either by an iterative
nonlinear weighted least squares program with a, — A, as the “residual™ or by a
maximum likelihood (ML) program. The Hessian demonstrates that the likeli-
hood function is globally concave as long as X is of full column rank and e*-#
does not go to zero for all X,. With a globally concave likelihood function, a
wide choice of ML algorithms can be used. In our applications convergence to
the global maximum was always rapid. The variance matrix of the asymptotic
distribution ¥( 8) is calculated from the Hessian matrix evaluated at 4.

We fit our initial Poisson specification to a model with current R& D and five
lagged values of R& D, and a time trend. The results are found in Table I. We
also present the corresponding estimates of a least squares regression of log(a,)
= X, B + ¢, where log(n,) 1s set to zero and a dummy variable used when #», = 0.
The results of the Poisson model are broadly similar to OLS although note that
the estimated standard errors of the Poisson estimates are approximately three
times smaller. The coefficient of current R&D is higher but the sum of the lag
coefficients are quite similar. We note an exogenecus decrease in patents of 6 per
cent per year. Lastly, we have the somewhat disturbing pattern of a U-shaped
distributed lag which may well indicate a substantial truncation effect. This
pattern disappears, however, when we allow for firm specific effects below.

We now consider alternative specifications of the basic Poisson model. In
column 4 of Table I we include only contemporaneous R & DD since we find later
in the paper that when firm specific effects are added the lagged effects become
quite small and difficult to identify. Note that the coefficient of current R& D is
very close to the sum of the coefficients in our initial specification. The ex-

(1.3)




