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A DYNAMIC ANALYSIS OF UNIVERSITY
A GRICULTURAL BIOTECHNOLOGY
PATENT PRODUCTION

JEREMY D. FoLTZ, KWANSOO KiM, AND BRADFORD BARHAM

This article examines the factors that account for agricultural biotechnology patenting success among
universities using a dynamic count data model. It builds a theoretical and econometric model to capture
the inherently dynamic and nonlinear process of technological innovation, wherein a feedback mech-
anism from previous success partially determines current patent counts. The econometric estimates
reveal the importance to agricultural biotechnology patent production of land grant infrastructure,
quality faculty, patent-oriented technology transfer offices, as well as dynamic feedback effects.
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The advent of exclusive property rights for
university research (specifically the Bayh-Dole
act) has created the potential for major
changes in the missions of U.S. universi-
ties, especially among land grant universities
(LGUs), as well as in the overall system of
technology creation and distribution in agri-
culture. At the same time, new genetic and
cloning technologies, along with the recently
created ability to patent plants and living or-
ganisms, are profoundly changing the range
of agricultural technologies that are likely to
be available in the United States and inter-
nationally. Indeed, as Zilberman, Yarkin, and
Heiman argue, these new agricultural biotech-
nologies (ag-biotech), and their associated in-
tellectual property rights, appear to be creating
a new paradigm, a veritable revolution, in the
organization and interaction of university re-
search and the agricultural sector. Under this
new paradigm, universities emphasize patent-
ing innovations, and then granting (at times
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exclusive) licenses to individual companies, or
in some cases investing directly in the develop-
ment of new products and processes through
start-ups or other joint ventures.

As part of this change, many universities,
especially LGUs, are investing heavily in es-
tablishing biotechnology centers, building new
laboratory and research infrastructure, and
hiring faculty, all with the intent of advanc-
ing their biotech research capabilities, includ-
ing ag-biotech.! Beyond the inherent promise
of the research itself, payoffs are possible in
the classic form of public and private research
funds in this growth area, but also in revenues
from patents. Not surprisingly, perhaps, the an-
nual number of ag-biotech patents issued to
universities grew from twenty-five to thirty per
year in the late 1980s, to over 150 per year in
the mid to late 1990s, and appears likely to con-
tinue growing at a very rapid rate.

The tremendous pace of growth in univer-
sity research and patenting of ag-biotech so
far has dramatically outpaced economic anal-
yses of the degree and effects of ag-biotech
patenting at the university level. The seminal
studies of the social returns to agricultural re-
search and development (Alston and Pardey,
Just and Huffman) essentially predated the
mid 1990s take-off in ag-biotech patenting, and
as such do not explicitly incorporate either the

LAt the University of Wisconsin, for example, a joint
state-university-private effort, the Biostar initiative, will invest
over $350 million in strengthening the university’s research in
biotechnology.
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potential positive or normative effects of ag-
biotech patenting on agricultural productivity
or the broader economy. A recent flurry of re-
search (see, e.g., papers in the conference vol-
ume: Santaniello et al.) has started the process
of evaluating public and private incentives of
agricultural research with intellectual property
rights. While a number of articles have devel-
oped the theory of public/private interactions
(e.g., Moschini and Lapan; Rausser, Simon,
and Ameden) and the economics of intellec-
tual property rights in agriculture in general
(e.g., Evenson), no study has effectively quan-
tified and analyzed the dynamic process of ag-
biotech patenting at the university level.

This article analyzes the factors that account
for ag-biotech patenting success among uni-
versities, seeking to fill a void in the literature
and provide the necessary empirical basis for
future theory. The approach developed here
builds on the study of Blundell, Griffiths, and
Van Reenen (1995) who capture the inherently
dynamic and nonlinear process of technolog-
ical innovation using a dynamic count model,
wherein a feedback mechanism between pre-
vious success in innovation (patent produc-
tion) is incorporated explicitly into the mod-
eling structure. Moreover, by using the panel
structure of the model, both observed and un-
observed components that might explain het-
erogeneity across universities in patent pro-
duction can be examined. As such, this work
provides a more realistic analysis than Foltz,
Barham, and Kim, which used a static model
to estimate university ag-biotech patenting.

This research focuses on patents as a mea-
sure of intellectual property rights production
in ag-biotech. The analysis implicitly assumes
that patent production itself is an output ob-
jective of university administrators, but it also
provides a first-cut measure of the values gen-
erated from intellectual property rights in ag-
biotech. Whereas broader studies of patent-
ing (e.g., Pakes, Trajtenberg) have shown that
the distribution of returns to patents is highly
skewed, with the vast majority having little or
no value, a few patents are spectacularly lu-
crative.? Given that those values will be hard
to predict ex ante and the high cost of patent
applications, most university patents have a
low probability of ever producing more in li-
censing revenues than they cost to produce. If,

2In Pakes’ classic study of the value of patents held by com-
panies, the top 15% of patents represented between 60 and 80%
of the overall distribution of values, depending on the country in
question.
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however, each patent is viewed as a random
draw on a distribution, then a university with
more patents will clearly have a greater chance
of revenue generation than one with less, es-
pecially if the probabilities of success grow
with patenting experience. Thus, while empir-
ical tests of the payoffs to ag-biotech patents
are left for future research, some correlation
between the patent counts used here and uni-
versity revenue generation can be expected.

The econometric model of patent produc-
tion developed below combines a negative
binomial count model with a random-effects
panel data model. The panel nature of this
data set, with repeat observations on each uni-
versity, allows not only for a different statis-
tical process to describe whether universities
have patents at all from the number of patents
obtained, but also tests for the presence of
a dynamic feedback structure in the research
process.

Specifically, the empirical modeling effort
tests five hypotheses regarding university ag-
biotech patent production. They are:

(H1) The presence of correlated dynamic
effects, wherein the knowledge accumu-
lation inherent in the process of generat-
ing ag-biotech patents influences a univer-
sity’s future ability to produce ag-biotech
patents (i.e., path dependence). This dy-
namic effects hypothesis also suggests the
potential for there to be barriers to entry
over time in ag-biotech patent production;

(H2) Land grant effect, (e.g., Alston and
Pardey) wherein the funding provided
historically by federal and state sources
to land grant institutions is a major deter-
minant of agricultural research output, in
this case ag-biotech patents;

(H3) Biological science spillover effect:
wherein having strong biological research
contributes to the production of ag-
biotech patents. Because the technology
of genetic transformation allows research
in biological fields to produce agricul-
tural patents, ag-biotech patents can oc-
cur at universities with strong biological
research even if they lack a tradition of
agricultural research;

(H4) The presence of industry effects, (e.g.,
Harvey) wherein industry funding will
play a critical role in shaping the produc-
tion of ag-biotech patents from university
research;

(HS) The presence of patenting culture
effects, (e.g. Foltz, Barham, and Kim)
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wherein universities with a higher procliv-
ity toward patenting overall will also have
more ag-biotech patents.

The empirical basis for this study is a unique
panel data set, covering the years 1994 to
1999, constructed from various sources, includ-
ing the U.S. Patent Office, the National Sci-
ence Foundation, and the Association of Uni-
versity Technology Managers (Massing, 1996,
1997,1998). As in Foltz, Barham, and Kim, the
data set includes all major universities, many
of which (e.g., non-LGUs) might not be ex-
pected to have ag-biotech patents. Since not
all LGUs have ag-biotech patents, and many
non-LGUs conduct agricultural research, hav-
ing data from all universities allows us to test
hypotheses H2 and H3.

Following the elaboration of the theoretical
and econometric models of patent production
in the next two sections, the sources and ba-
sic characteristics of the data set are detailed.
In the next to last section, the results of the
econometric estimation are presented. In the
last section we summarize the key findings of
this article and point to directions for future
research.

A Theoretical Framework for Modeling
University Patent Production

The primary focus of this article is to estimate a
reduced form model of the determinants of ag-
biotech patent production. The standard de-
parture point in the literature (e.g. Hausman,
Hall, and Griliches; Blundell, Griffiths, and
Van Reenen, 1999) is a patent production
equation of the form

(1) Yil = f(X,‘t, u,-,) for i = 1, ...N

andr=1,...T

where Y is a count of patents produced and
X;; 1s a vector of the characteristics of univer-
sity i and general conditions outside the uni-
versity that influence the process, for example,
government policy. The term u;, represents un-
observable university differences.

Let the relationship between the patents
produced, Y, and university characteristics,
X, be thought of as the outcome of both a re-
search and a patenting process. The research
process involves inputs into the production
of knowledge, often independent of economic
considerations, while the patenting process
depends on the technology transfer infrastruc-
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ture, university patenting experience, and uni-
versity patenting proclivity.

Let the overall research produced by a uni-
versity at time ¢, R, be described by a classic
production function using labor and capital al-
located at time ¢ — 7, where T represents the
gestation period of research. Formally, one can
specify the equation in the following fashion:

2

In this equation labor, L, includes both the
quantity and quality of scientists. Capital, K,
includes research funds from federal, state, in-
dustry, and university sources.

Re-specifying equation (1) to capture the
research process R; and a patenting process
driven by technology transfer infrastructure
and patenting experience, one can model the
dynamics of university ag-biotech patents. The
model will be as follows:

3)  Yi= f(Xiui) = f(Rit, Dir, Gi—1, uir)

where Rj; is research output produced from re-
sources allocated at time r—1, D; describes
contemporaneous labor and capital inputs in
the technology transfer office, and G;_; rep-
resents a dynamic feedback effect, the culture
and knowledge the university has developed in
producing patents up to the previous period.

Note that the determinant of the patent pro-
cess, Dy, is contemporaneous to patent pro-
duction, whereas R;; is produced with lagged
inputs to reflect the fact that the research lead-
ing up to a patent would take time. The de-
termination of this lag, that is, the value of 7,
is discussed in the data description. Whereas
the lag in the research process is driven by the
time spent on research, the dynamic feedback
effect of accumulated patent knowledge, G;_1,
operates directly in the next period. In the next
section the econometric approach and specifi-
cation used to investigate the role of innova-
tion dynamics is further developed.

Ry = ”(Lit—-r,Kit—-r)-

Econometric Approaches to Capture
the Dynamics of Patent Production

Models of patent production typically use the
count data framework (Hausman, Hall, and
Griliches; Blundell, Griffiths, and Van Reenen,
1995). These models assume either a Poisson
or negative binomial distribution on the dis-
persion term (Cameron and Trivedi). The first
moment condition for these models is

(4)

E(Yy) = e*iP
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where Y, represents the patents produced. Ac-
cordingly, the patent model presented above
can be parameterized by the following linear
equation:

S XB=6+6Li~+"nKi.+6D;
+04Gi—1 +m; + vy

where the first two variables represent param-
eterizations of the research process and the
next two denote the patent application process
and experience. The variables n; and v, denote
the university and time-specific unobservables,
respectively.

The proposed estimation procedure uses
a random effects formulation to control for
the unobserved university specific effect, n;,
thereby assuming that the unobserved het-
erogeneity is randomly distributed across uni-
versities. The main advantage of the random
effects model is that it can utilize the panel
structure of our data set in a more efficient
way. Because a substantial proportion of the
sample has zero values for all years of the de-
pendent variable, a fixed effects model, which
focuses on year-by-year variation, would not
produce the desired information. Also, fixed
effects models can produce noisy results when
the explanatory variables are slow moving, as,
for example, would be the case of faculty num-
bers and salaries.

In terms of the distribution on the distur-
bance terms, a negative binomial approach is
chosen here over a Poisson model, because it
allows more flexibility by not requiring that
the mean and the variance of the estimated
disturbance term be equal. The negative bi-
nomial approach, instead, allows the disper-
sion parameters to vary across individuals
(i.e., universities).

Formally, the dependent count variable, Y,
is assumed to be i.i.d. negative binomial with
parameters o;, N, and ¢;, where we have set
Ni: = exp (X;,B). This gives Y, mean a;\;/d;
and variance (o;Nir/d;)*(1 + o;/d;). In the ran-
dom effects model, it is commonly assumed
that the dispersion parameter, (1 +o;/d;)~"
will vary between groups according to a beta
distribution with parameters (a, b).? Following
Hausman, Hall, and Griliches these assump-

3 See Cameron and Trivedi for a description of Gaussian ran-
dom effects models which make the alternate assumption of a
normal distribution on the dispersion parameter. Unfortunately,
these models do not have clean analytics, making estimation less
certain. Cameron and Trivedi also develop moment-based meth-
ods that could be used with the negative binomial model.
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tions produce a model with the joint density
for the ith group as follows:

(6)
Pr{yi1, ... yi}

. T(Nie + yie)
B (U T\N)!T (i + 1)

L D@+hra+ ¥ n)r(p+ 3y, yu))
C@UB)(a+b+Y N Y i) )

This formulation provides the basis for the log-
likelihood function estimated below.

Although the random effects model takes
into account unobserved heterogeneity, it does
not help to explain the origins of this hetero-
geneity. Blundell, Griffiths, and Van Reenen
(1995) propose two methods to parameter-
ize a part of the unobservable heterogene-
ity. One parameterizes the level of search ac-
tivities in a pre-sample period, whereas the
other measures the accumulated knowledge
in patent production throughout the sample
period.

The search activity measure, whose deriva-
tion appearsin appendix A, is based on the idea
that the average patent search level will be pro-
portional to the unobservable university spe-
cific effect, n;. Over a long enough time span,
the number of actual patents received should
be a reasonable proxy for average search ac-
tivities, allowing us to proxy the individual
unobservable heterogeneity by a pre-sample
measure of patenting. The empirical im-
plementation incorporates a count variable
(BEFORE;) to capture the number of pre-
sample patents as a proxy for past search ac-
tivities. This variable can be used to test for
evidence of persistence or barriers to entry into
patenting across the pre-sample and sample
time periods.

A second measure uses a within-sample con-
tinuous measure of past patent production
to proxy for the accumulation of patenting
knowledge and its importance in patent pro-
duction within the sample time period. We use
the assumption that previous patents provide
knowledge about the patenting process, but
that the quality of this knowledge depreciates
over time. More specifically Gj;_; is defined as
follows:

(7 Gic1 = yiu—1+ (1 —8)Giy—2

where & is the rate at which patenting experi-
ence depreciates. G;_; provides a continuous
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Table 1. Data Summary

Variable Definition Mean  Std. Dev. Min Max

Y. Number of Ag-biotech patents 0.653025 1.606216 0 14

FED ;,_, University-wide federal funding 55260.72 75452.05  64.755 638119.3

NFED ;,_, University-wide non-federal funding 28594.25 25166.37 0 120620.4

ASFED;,_, Agricultural science federal funding 2524.068 4869.191 0 37601.64

ASNFED;,_, Agricultural science non-federal funding 6571.749  12496.9 0 67018.58

BSFED;,_» Biological science federal funding 12808.06 14082.48 0 74904.93

BSNFED,,_, Biological science non-federal funding 5734.304 5948.349 0 32594.1

PCIND,,_, Percent of all university funding from 0.075181  0.058555 0 0.373409
industry sources

AF,_, Average faculty salary 50.48602 10.44497  29.028 107.75

FUNFAC,_, Funding per faculty member, university wide 228.8102 676.0911 0.514266 8923.343

AS, Agricultural science graduate students 36.86833 67.21811 0 280

BS, > Biological science graduate students 189.7954  156.9694 1 741

PROPENS, Ratio of patent applications to invention 0.349196 0.203732 0 1
disclosures

OTT, Number of FTE'’s in the office of technology  5.244369 5.635075 0 32.8095
transfer

LGU Land grant status 0.290036 0.454183 0 1

Note: N = 562, Number of universities = 128.

FED, NFED, ASFED, ASNFED, BSFED, BSNFED, and AF are measured in $1,000.

representation of patenting dynamics with a
more realistic discounting structure than the
pre-sample measure, which is constant over
time.

Data

All of the descriptive variables used in
the econometric analysis are summarized in
table 1. They were constructed as follows:

Patent Data Source

The patent data identify all ag-biotech util-
ity patents owned by U.S. universities from
a search of the complete US. patent of-
fice data base.* Among European and world
patents, it is well known that U.S. patents
represent the more innovative patents be-
cause of stronger property rights protection.’
Appendix B describes the process used to de-
termine which patents are ag-biotech.

The patent search algorithm chose all ag-
biotech patents with application dates after

4The data base includes only utility patents and not plant
patents, which provide plant variety protection. Plant patents have
lower novelty standards and provide lower levels of intellectual
property rights than utility patents. For this reason, most geneti-
cally altered plants are submitted for utility patent protection and
very few plant patents involve genetic alterations.

31In particular, recent reticence by European governments to
patent life forms has made U.S. patents the intellectual property
right of choice for protecting ag-biotech innovations.

1 January 1971 and through the end of 1999.
So as not to confound the effects of different
lengths between application and acceptance,
this work uses the date of application as the
date of a patent. Measuring the dependent
variable, ag-biotech patents, from the time the
application was submitted rather than from the
date of award, matches more closely the tim-
ing of the discovery process of the research and
the observed patent.

During this time period, a total of 107 uni-
versities received 795 ag-biotech patents.’ The
vast majority of the patenting happened be-
tween 1991 and 1999, during which time 580
ag-biotech patents were granted to ninety-nine
universities. Because of complementary data
limitations, the actual data set used for the
model estimation has information from 1994 to
1999 on 127 universities of whom 65 received
at least one ag-biotech patent. Also, a dummy
variable, YrDum, is included to control for the
patent drop after 1997, because most patent
applications filed in the period 1997-99 are
still under review. Thus, patent data from
those years offer incomplete information on
acceptances.

The top twenty universities, ranked by ac-
cepted agricultural biotechnology patents dur-
ing the post 1990 time period (1991-99) are,

®The patent-culling technique of reading through patent ab-
stracts improves on the methods of previous research, and more
than doubles the number of ag-biotech patents identified.
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Table 2. University Rankings of Ag-Biotech Patent Production 1971-99

Rank Patents Pre-Sample Pre-Sample
University 91-99 91-99 Rank 71-90 Patents 71-90
Michigan State 1 43 44 1
Iowa State University 2 40 8 17
Cornell 3 36 2 16
UW-Madison 4 34 1 19
UC-Davis 5 26 12 6
Louisiana State University 6 21 21 3
University of Minnesota 6 21 16 5
University of Florida 8 19 4 10
Rutgers 9 15 23 3
Texas A&M 9 15 17 4
Purdue 11 14 3 12
University of Pennsylvania 12 13 NA 0
NC State University 13 12 5 9
Penn State University 14 11 NA 0
Washington State 14 11 NA 0
University of Georgia 16 10 10 7
University of Kentucky 16 10 35 2
UC-Berkeley 16 10 7 9
Washington University 19 9 NA 0
University of Maryland—College Park 20 8 15 5
Total 580 215

with two exceptions, public land-grant insti-
tutions, with agricultural colleges (table 2).
Because these two exceptions are private uni-
versities with traditionally strong biological re-
search, they are suggestive of some spillovers
from biological science to ag-biotech, that
is, hypothesis H3. Overall, ag-biotech patent
holdings among U.S. universities are moder-
ately concentrated with the top five holders
having 31% of the total number of patents, the
top ten having 47%, and the top twenty having
65%. Ag-biotech patent holdings among U.S.
universities are, however, almost completely
dominated by public land grant institutions,
which hold 84% of the total issued in the past
thirty years.

The data show some persistence between the
two time periods, with twelve of the top twenty
producers before 1990 still in the top twenty for
the decade of the 1990s and the entire top five
still in the top fifteen. Barham, Foltz, and Kim
use the same data to provide a more thorough
examination of persistence and concentration
in university ag-biotech patenting. Ag-biotech
patent production in the pre-sample period has
a simple correlation of (0.48) with production
in the 1990s. Michigan State, however, presents
a striking contrast having vaulted from having
only one patent in the pre-sample period to
being the leader in patent production in the
1990s.

The pattern of persistence in ag-biotech
patent production over the two time periods
helps to motivate the use of lagged measures
of ag-biotech patent production in the subse-
quent estimation. As discussed in the previ-
ous section, two different variables BEFORE;
and Gj;;_; were constructed in order to mea-
sure search levels and knowledge stocks. The
variable BEFORE,; the number of patents
produced by university i before 1990 is cre-
ated to capture university heterogeneity in
ag-biotech patent search levels before ag-
biotech patent production exploded in the
1990s. G;,_1 is defined as the sum of the current
patents and discounted previous knowledge
stock (Gj;-1=Y;;-1+(1—-98) Gj;_», where
Yi;—1 is university i’s number of patents ob-
tained at time ¢1 and 3 is a depreciation rate of
30%).” It captures the dynamics of innovation
histories and continuous knowledge acquisi-
tion and hence the potential for persistence
over time in ag-biotech patent production.

7 Because the measure of patent production uses the patent ap-
plication date, for successful applications, as the date of a patent,
this formulation of Gj;,_; allows the use of actual patents received
in the year as a measure of patent process knowledge. The typi-
cal lag between application and acceptance is about three years.
During those three years a patent office may learn more about the
patent process and thus improve the next patent application, giving
rise to dynamics in the patent process. While G;;_; was generated
using a 30% depreciation rate, changing that to either 10 or 20%
did not measurably influence the results.
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Input Data Sources

As stated earlier, input data for the study
come from the National Science Foundation
(NSF) and the Association of University Tech-
nology Managers (Massing, 1996, 1997, 1998)
data bases. Inputs to the research process in-
clude labor (L), capital (K), and university in-
put variables in the patent production process
(D).® The appropriate lag for the inputs into
the research process, labor and capital, is one
that represents a reasonable duration of a re-
search project. We choose a two-year lag as
representative of the time a successful research
project would take from receiving funding and
labor allocations to the moment of patent
application.

Labor

The ideal labor input data would measure the
quantity and quality of scientists in each lab-
oratory conducting ag-biotech research. Since
such detail is unavailable, several alternative
measures of labor input are developed to
proxy for the number and quality of scien-
tists. To measure quantities of labor in ag-
biotech-related research we use: the number
of full-time graduate students in Agricultural
Sciences (AS;;) and the number of full-time
graduate students in Biological Sciences (BS;).
Preliminary investigations of the data showed
graduate student numbers were highly corre-
lated with both funding and faculty numbers
in agricultural colleges. The variables used to
proxy labor quality are measured at the univer-
sity level: the average faculty salary (AF;) and
average funding per faculty member (FUN-
FACj). The former indicates an ability on the
part of the university to pay for higher qual-
ity labor,” whereas the latter is often used in
national university ratings.

Capital

Capital inputs, from NSF, include research
funds from two sources: federal and non-
federal (state, industry, and own university
funds). Federal and non-federal sources are
divided into three categories: (a) overall uni-
versity funding not related to agriculture or
biological science (FED; and NFED), (b)

8 All monetary values have been deflated using 1996 as the base
year.

% For any single individual, salary might be a poor proxy for
quality, as it is just as likely a function of the individual’s field
and longevity. Averaging across the university, however, it should
provide a reasonable proxy measure for overall university quality.
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agricultural science funding (ASFED; and
ASNFED;), and, (c) biological science fund-
ing (BSFED;, and BSNFED,,). Whereas the
overall funding measures capture university
quality, the latter two allow us to examine hy-
potheses H2 and H3 that high-quality agricul-
tural and biological research are important to
ag-biotech patenting. In addition, to probe hy-
pothesis H4, we include a variable that mea-
sures, at the university level, the percent of to-
tal funding that comes from industry sources
(PCIND;,).

Land Grant Effect

We include a dummy variable to capture the
LGU effect put forth in hypothesis H2. Al-
though it may be collinear with such variables
as federal funding in agriculture, it is expected
to have a positive effect on the number of ag-
biotech patents.

Patent Production Variables

Two variables are used to describe the pro-
cess of turning research into patents. One mea-
sures quantity of inputs. The other measures
the patenting propensity of the university. We
include the number of employees (measured in
full-time equivalents in both staff and profes-
sional technology transfer people) in technol-
ogy transfer offices (OTT};) as ameasure of the
available stock of technology transfer capacity
(Massing, 1996, 1997, 1998). We expect that a
larger number of technology transfer employ-
ees would create more patents out of research
ideas by providing some combination of bet-
ter specialization and more effort in the patent
production process.

To proxy these differences between univer-
sities in propensities toward patenting we use
a variable measuring the ratio of total uni-
versity patent applications to invention dis-
closures (PROPENS;).1® To avoid spurious
correlations, ag-biotech patent applications
were subtracted out of the total patent appli-
cation numbers and the invention disclosure
figures were adjusted proportionately. This
measure, expected to be positive, captures the
effect of overall university patenting proclivity
on ag-biotech patents.

10 An invention disclosure, the first step in the patent application
process, is produced when a researcher finishes a project and wants
to claim the rights to the ideas. Many invention disclosures never
turn into patent applications in part because they are licensed with-
out the stronger intellectual property of a patent.
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Table 3. Random Effects Negative Binomial Estimate of Ag-Biotech Patent Production

Pre-Sample Continuous
Comparison Dynamic Dynamic
Variable Definition Model Effects Effects
FED;_, University-wide federal funding 2.13E-07 2.34E-07 1.32E-07
(1.77E-06) (1.76E-06) (1.66E-006)
NFED;;_, University-wide non-federal funding 4.86E-06 5.11E-06 3.04E-06
(5.64E-006) (5.70E-06) (5.52E-06)
ASFED;,_» Agricultural science federal funding 2.88E-05 2.85E-05 1.28E-05
(2.E-05) (2.00E-05) (2.20E-05)
ASNFED;;_, Agricultural science non-federal funding —6.57E-07 —7.30E-07 —9.82E-07
(9.84E-06) (9.82E-06) (9.64E-006)
BSFED;;_, Biological science federal funding 6.56E-06 6.00E-06 5.12E-06
(1.1E-05) (1.10E-05) (1.0E-05)
BSNFED;_, Biological science non-federal funding 4.12E-05 4.29E-05** 3.66E-05**
(1.8E-05) (1.9E-05) (1.8E-05)
PCIND;_, Percent of all university funding from -1.9711 —1.92218 —2.138
industry sources (2.35697) (2.35938) (2.272)
AF, Average faculty salary 0.026343 0.026333** 0.0235*
(0.01141) (0.01139) (0.0112)
FUNFAC,_, Funding per faculty member, university 9.65E-05 9.35E-05 8.94E-05
wide (7.9E-05) (7.9E-05) (7.5E-05)
AS, > Agricultural science graduate students 0.0032 0.0033 0.00357*
(0.0021) (0.0021) (0.00196)
BS,» Biological science graduate students —3.8E-05 9.51E-07 0.000103
(0.0012) (0.0012) (0.0011)
PROPENS, Ratio of patent applications to invention 1.579** 1.591% 1.521%*
disclosures (0.361) (0.363) (0.358)
OTT,; Number of FTE’s in the office of 0.0162 0.0166 0.0197
technology transfer (0.0202) (0.0201) (0.0196)
LGU Land grant status 1.0134*** 1.0331*** 0.992%**
(0.372) (0.378) (0.355)
YrDum 1997-98 —0.723** —0.724* —0.778*
(0.186) (0.186) (0.190)
BEFORE; Number of ag-biotech patents (1971-90) —0.010
(0.036)
Gy Dynamic patenting knowledge 0.034*
accumulation (0.0206)
Constant —2.108"* —2.132% —1.990"
(0.768) (0.774) (0.744)
Log likelihood —453.49 —453.45 —452.20

N =562, i =128, standard errors in parentheses, ***, ** * significant at greater than a 1%, 5%, 10% level.

Results

The results of maximum likelihood estima-
tions using a random effects negative bino-
mial model are shown in table 3. Three mod-
els were estimated: (a) a base model with no
dynamic effects, (b) a dynamic model with
pre-sample measurements of heterogeneity,
BEFORE;, and (c) a model with continuous
dynamic patent effects, G;,_. All models pass
alikelihood ratio test of the random effects ver-
sus a pooled data model at greater than 99%
level. Also, all models produce estimates of
dispersion, the parameters of the beta distri-

bution (a,b), which are significantly different
from zero.

The signs on the coefficients on all models
are generally as expected, with the possible
exception of a nonsignificant negative sign on
the percent industry financing.!! As expected,
the time dummy (YrDum) captures signifi-
cantly lower levels of patent acceptances for
applications made in 1997 and 1998, due to

1 In a negative binomial model the coefficients are proportional
to the marginal effects so that relative values of importance can be
read directly from table 3.
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the truncation inherent in this time period.
The variables having a positive and significant
effect on ag-biotech patent production are:
non-federal biological funding, average fac-
ulty salaries, agricultural graduate students,
patenting propensity, LGU status, and dy-
namic knowledge accumulation. In general,
the results suggest that the quality of the
inputs matter more than the absolute quantity.

Regarding hypothesis HI, the results pro-
vide little evidence of barriers to entry related
to the pre-sample search level. The static mea-
sure of search levels, BEFORE;, is not signif-
icant, which suggests that ag-biotech patent
production levels prior to the take off in the
1990s were not important in explaining patent
production in the sample period. However, the
dynamic effects formulation, G;_;, in model
3 shows, at a 10% significance level, the im-
portance of knowledge accumulation in the
patenting process. Consistent with the results
for industrial innovation reported by Blundell,
Griffiths, and Van Reenen, the results here
show evidence of path dependence in innova-
tion activities. Therefore, whereas we do not
find evidence of barriers to entry before and
after the 1990s explosion in ag biotech patent
production, we do find evidence of persistence
in ag-biotech patent production.

The estimation results on LGU status show
strong evidence of a land grant effect (hypoth-
esis H2). In addition, model 3 suggests the
importance of the agricultural college infras-
tructure as proxied by the number of graduate
students. While federal funding in agriculture
is not significant in the results presented, fur-
ther investigations suggested that this is due to
multicollinearity with the LGU dummy vari-
able rather than the ineffectiveness of federal
funding. It seems that absolute funding levels
in agriculture are less important for ag-biotech
patenting than whether that money translates
into more people doing research.

Non-federal funding for biological science
research is also a significant determinant of
ag-biotech patent production. This result sug-
gests that even after controlling for the amount
of agricultural research, biological sciences are
important for ag-biotech patent production
(hypothesis H3), apparently having the effect
of spilling into ag-biotech related research.

The non-federal biological funding estimate
also has weak implications for hypothesis H4
related to the role of industry financing, be-
cause non-federal funds come primarily from
state and/or industry sources. On the other
hand, the estimation result on overall univer-
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sity reliance on industry financing is negative
and not significant. Combined, these results
make it hard to draw an inference on whether
industry financing matters to university ag-
biotech patenting.

The estimations also provide evidence of
the importance of patenting culture (hypoth-
esis H5), even after controlling for patent-
ing knowledge accumulation effects and the
number of technology transfer personnel. The
patenting propensity estimate is similar in
magnitude to the estimated effect of being a
land grant university. The similarity of these
effects underscores the potential value of
the overall culture of a university’s technol-
ogy transfer system to its ag-biotech patent
production.

Conclusions

The remarkable increase in the numbers of ag-
biotech patents awarded to U.S. universities in
the last decade demonstrates that universities
in and out of the land grant system take patent-
ing ag-biotech innovations seriously. This work
has examined a panel count data model of uni-
versity ag-biotech patent production and in-
troduced an econometric method focused on
understanding unobserved university hetero-
geneity through a dynamic feedback effect.
Applying this method to university ag-biotech
patenting data we find strong evidence of a cor-
related dynamic effect in which patenting ex-
perience helps to produce more patents (HI).
We also find that ag-biotech patent production
is enhanced by the overall university propen-
sity to patent (HY5), a strong land grant ef-
fect (H2), and a biological science research
funding effect (H3). We do not find convinc-
ing evidence that university reliance on in-
dustry financing increases patent production
(H4).

If the goal of policy makers is to increase
university production of ag-biotech patents,
the results presented here suggest some pos-
sible directions. Pursuing links between bio-
logical and agricultural research would seem
to have a payoff, even for universities without
an agricultural research tradition. The results
also suggest that administrators should look
to invest in quality rather than quantity and
to generate a campus culture that promotes
patenting. Administrators at “lagging” univer-
sities should be heartened that while there is
evidence of persistence in the production of ag-
biotech patents we did not find strong evidence
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of barriers to entry into ag-biotech patent
production prior to the recent takeoff in patent
activity.

Some compelling questions deserve further
study. First, while this work has found that ag-
biotech patent production is positively influ-
enced by knowledge acquisition dynamics, it
does not identify at which levels of the univer-
sity these effects operate. For example, does
the dynamic effect of knowledge acquisition
occur among technology transfer employees,
across the whole university, or among a few in-
dividual scientists who learn more about the
research and patenting process? Any or all
three could be at work in varying combina-
tions. Second, this work does not examine the
more normative question of whether it is de-
sirable for universities to patent ag-biotech
innovations. To address this question compre-
hensively, future research will need to exam-
ine empirical evidence on the values of patents
to universities in terms of licenses and other
revenue sources, the spillovers from univer-
sity research to private industry research, and
the possible market distortions induced by
university patenting. Contributions in these
areas will move economists closer to mak-
ing meaningful empirical contributions to nor-
mative debates about the enormous changes
taking place in agricultural research and
development.

[Received November 2000; final revision
received March 2002.]
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Appendix A

Search Activity Variable (Before) Derivation

Following Blundell, Griffiths, and Van Reenen
(1995), let an observable latent variable, S;, de-
scribe a university’s patent searching activities. It
will be a function of previous search activities, uni-
versity characteristics, and unobservable variables
(a university-specific effect n; and a random shock
variable €;) such that

(A1) Sy = wiSie—1 + waxy—1 +mM; + €

where wy, w, are constants. Letting university char-
acteristics, x; , be related to previous levels of uni-
versity characteristics and searching the dynamic
feedback will be

(A-Z) Xit = Y1Xi—1 + Y2 Sit—1 + Vit

where y; and y, are constants. Substituting this into
equation (A.1), taking expectations over time, ¢, and
assuming stationarity of S, and that the stochastic
terms have mean zero (E(g;) = 0 and E(v;) = 0)

yields the following equation in S; and ;
(A3) A —w)d —v)Si = wepSi + (1 —y)m

where S; is the expected value of ;.. This equation
can then be solved for S; so as to express it as a
function of m; and some constants

(Ad) 5 =mi(1—y)[A —w)(1—y)—woy] .

Thus, for any university, the search activities will be
proportional to the unobservable university-specific
effect. If we are willing to assume that, over a long
enough time span, the number of actual patents re-
ceived is a reasonable proxy for search activities,
then we can proxy some of the individual unob-
servable heterogeneity by a pre-sample measure of
patenting.

University Agricultural Biotechnology Patent Production 199

Appendix B

Defining Ag-Biotech

To establish an appropriate ag-biotech patent data
base we use a consistent definition that says that
ag-biotech:

(1) genetically alters some product and/or is in U.S.
patent class 800 or 435; and

(2) uses extensively a product produced on a farm;
or

(3) modifies or improves a product produced on a
farm; or

(4) modifies, improves, or produces a food, wood,
or aqua-culture product.

Note that the above definition includes a large
number of patents that might not be specific to
agriculture. However, the search strategy also ex-
cludes from our definition of ag-biotech products or
processes with no direct connection to agriculture.
These excluded include:

(1) any animals or plants produced entirely for
research purposes, for example, mice, rats,
monkeys;

(2) any animal primarily designed as a pet, for ex-
ample, dogs and cats;

(3) any product that merely uses animal or plant
cells in minor quantities for a nonagricultural
product; or

(4) any vaccine or vaccine technique or disease di-
agnostic technique thatis intended primarily for
use in humans, or on human diseases, or on dis-
eases not currently treated in animals.

The data base does include patents on plants in-
tended only for ornamentation so long as they fit
the definition of being biotechnology.



