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Abstract

This paper measures the speed of diffusion of scientific research by field and sector of the U.S.
economy. The data set derives from the Institute for Scientific Information (ISI). The ISI data consist of
about 2.4 million scientific papers having at least one author in the top 110 universities, and of 240
thousand papers having at least one author in the top 200 U.S. R&D firms. This evidence covers the
majority of scientific research in the U.S. during the period 1981-1999.

We find that the modal lag in citations between U.S. universities, or the lag at which citations
peak, occurs at 2.85 years for the baseline field (chemistry), 4.25 years for the slowest diffusing field
(computer science), and 1.75 years for the fastest diffusing field (physics). The equally weighted average
of the modal lags across all fields is about 3.5 years. Modal lags for citations between U.S. firms and U.S.
firms citing U.S. universities are the same, about 3.5 years. However, these similarities in speed of
diffusion conceal substantial differences in the rapidity with which science leaks out across industries and
fields, and the modal lags differ by a year and more in these dimensions of the data.

Using the same methodology as the above, researchers have found modal lags of five years based
on patent data. Taken together, the findings on scientific papers and patents suggest that the speed of
diffusion of science is 30 percent faster than the speed of diffusion of technology. These results seem
consistent with the idea that Open Science promotes more rapid dissemination of information than
Proprietary Technology.



| Introduction

In this paper we set about measuring the speed of diffusion of science in U.S. universities and firms.
By so doing we hope to establish stylized facts about the diffusion process in academic and industrial
science and to compare the diffusion of science with that of patented technology. We rely on citation lags
between citing and cited scientific papers for this purpose. Our method for estimating citation functions
based on scientific papers, including diffusion lags, closely resembles the methodology for estimating
citation functions based on patents in Jaffe and Trajtenberg (1996, 1999). We rely on a common
methodology by intention. This convergence of approaches makes measurements in science and
technology more comparable, even though we do not claim that the two diffusion processes are necessarily
the same.

To the extent that industrial innovation depends on recent results from science (Mansfield, 1991), an
increase in the speed of diffusion of scientific research pushes technology-in-use closer to the best-practice
technology. For this reason alone the speed of diffusion of science could be important, much as the speed
of acceptance of industrial innovations is important: because it increases productive efficiency and real
income. Griliches (1957) examines the adoption of hybrid corn by farmers in U.S. states and crop
reporting districts, as well as the dynamics of the supply of hybrid corn varieties that were adapted to
particular regions. His findings suggest that lags in the adoption of hybrid corn shorten, as expected future
profits from adoption increase. Likewise Mansfield (1963) shows that adoption of the diesel locomotive by
U.S. railroads was triggered by increasing advantages of diesel over steam, as conditioned by factors
specific to the railroads.

In the same way we believe that the speed of adoption of new scientific approaches is also determined
by gains to adopters. Biotechnology is a case in point. Drug companies were eager to embrace the
technology, because it seemed to avoid mass testing of chemical compounds (Henderson and Cockburn,
1996). And yet, shortfalls in human resources in molecular biology and cell science hindered adoption.
This bottleneck stimulated entry of biotechnology firms, whose founders were practitioners of these
disciplines (Audretsch and Stephan, 1996; Zucker, Darby, and Brewer, 1998). The outcome of this

impromptu allocation of scientific resources was a two-tiered structure in which newer firms possessed the



science and older firms possessed testing facilities, marketing and distribution. It was this structure that
helped to spread biotechnology throughout pharmaceuticals (Ruttan, Ch.10, 2001).

A related literature considers the link between intellectual property rights, diffusion, and economic
performance. Mansfield (1985) reports survey-based evidence on the speed with which knowledge of a
company’s development efforts leaks out to competitors'. His findings suggest that knowledge of these
efforts reaches rival firms within 12 to 18 months. Other results are that once developed, knowledge of
new products and processes leaks out in 12 more months. However, imitation costs imply that actual
imitation follows an opportunity to imitate with an additional lag. Mansfield, Schwartz and Wagner (1981)
find that imitation costs are about two-thirds of innovation costs, and that patenting increased imitation
costs. Both findings suggested substantial delays in imitation of industrial technology”.

Weak incentives hinder invention and adoption in planned economies and in public sectors more
generally. In his discussion of the Soviet bonus system, Berliner (1976) suggests that financial gains
rewards from innovation were largely missing and that this contributed to the Soviet Union’s falling behind
the West. Dearden, Ickes, and Samuelson (1990), and Hart, Vishny, and Shleifer (1997) make this point in
theoretical studies of the limits to public sector innovation. Even in the private sector, imperfect rewards
to inventors could limit invention by industrial firms. Scherer (1984, chapter 9) finds that firms’ innovative
output rises at a decreasing rate with firm size and suggests that incentive problems are the cause. Thus a
substantial literature relates lags in technology diffusion to costs of adoption and weak incentives to adopt.

Incentives are harder to observe and to quantify in science than technology, because they are more
often non-pecuniary. However, the priority system in science, as Robert Merton has shown, encourages
individuals to share knowledge quickly, since it is sharing that establishes property rights in science
(Stephan, 2004). For this reason it is possible that the priority publication system accelerates the diffusion
of science compared with technology, especially given the fact that the private gains from technology are
proprietary and rely on secrecy (Levin, Klevorick, Nelson, and Winter, 1987; Cohen, Nelson, and Walsh,
2002; Furman and Stern, 2004).

The findings in this paper suggest that the speed of diffusion of science may exceed that of industrial

technology. This speed advantage of science is independent of a paper’s origin in universities or in R&D

! This paper and its title are partly inspired by Mansfield (1985).
2 Adams (2005) reviews the survey-based literature of industrial R&D laboratories and firms.



firms. Specifically, we find that among universities the modal, or most frequent, citation lag is about 2.9
years in the baseline field of chemistry, but that this lag varies from 1.8 years in physics to 4.3 years in
computer science and averages about 3.4 years. Lags in citation between fields are slightly longer by 0.4
years and average about 3.8 years. Lags on self-citations by universities reach an even shorter average of 2
years. It is striking that the diffusion lags from universities to firms and from firms to firms are the same as
above, about 3.5 years for non-self citations and 1.8 years for firms citing their own research. All these
results apply to science. In comparison, patented technology within the U.S. displays a modal lag that
ranges from 4.6 to 5.3 years within the United States and still longer between countries (Jaffe and
Trajtenberg, 1996, 1999). Since the modal lag is a robust statistic for ranking diffusion given the functional
form that we employ, we argue that diffusion of science takes place about 30 percent faster than diffusion
of industrial technology.

In additional results we explore variation in the speed of diffusion by industry as well as field. The
range in this parameter is substantial: on average the slowest industry in a field takes about two years
longer to diffuse than the fastest industry. In the more detailed results, electrical equipment and
communications stand out as industries to which science diffuses rapidly, while diffusion proceeds more
slowly to metals and machinery. These results indicate unexplained differences in the speed of diffusion by
industry that deserve further study.

The rest of the paper is divided into six parts. Section II discusses the article citation function, which
is based on the patent citation methodology of Jaffe and Trajtenberg (1996, 1999). Our use for the citation
function in this paper is in specifying the speed of diffusion of new scientific research. As noted, by using a
similar methodology to patent citation functions, we are able to compare the speed of diffusion of science
and technology. Section III discusses the database of scientific papers and citations that underlies our
findings. The data derive from the Institute for Scientific Information (ISI). They consist of about 2.7
million scientific papers and roughly 20.2 million citations to these papers over the period 1981-1999. The
papers are written in the top 110 U.S. universities and in the top 200 U.S. R&D firms, and the universities
contribute roughly 90 percent of total papers and citations. Section IV presents estimates of the speed of
diffusion of science within the U.S. university system, while section V provides estimates of the speed of

diffusion of science from universities to firms and between firms. A special feature of this section is its



inclusion of results that allow the speed of diffusion to vary by industry as well as field of science. In
section VI we draw comparisons of the speed of diffusion of science with that of patented technology as

based on the literature of patent citation functions. Section VII concludes the paper.

II. The Citation Function

In estimating the speed of diffusion between citing and cited academic papers, we rely on the citation
function. Jaffe and Trajtenberg (1996, 1999) develop and use the citation function to quantify the direction
as well as speed of diffusion of new technologies, where the latter is based on lags in patent citation
between citing and cited patents. In this paper we apply the citation function to scientific papers and the
study of diffusion based on lags in science citations. Since the citation function is the centerpiece of our
empirical analysis we provide a brief discussion of it in this section.

Before launching into its discussion, though, we would like to comment on asymmetries as well as
symmetries between science citations and patent citations. Both refer to prior literature, but their
motivations for doing so are obscure. Both could measure influence of earlier ideas and both could define
the problem being addressed, which in patent citations limits commercial application of the invention to
improvements on prior art. Science citations are more likely to refute findings, and more likely to be
honorific or a strategy to achieve publication. Science citations are typically controlled by authors.
Referees and editors can suggest references, but their inclusion requires author’s assent, suggesting some
knowledge of the references. In contrast patent citations are often suggested by examiners and attorneys
and do not imply the same acquaintance as science citations do. Overall, there are important differences as
well as similarities in science and patent citations, although their bearing on diffusion is not clear.

We estimate the citation function on cells that are defined by grouped characteristics of citing and cited
papers. Each cell includes a citation probability that is composed of citations, papers citing and papers
cited. This probability is

Cite

(1) Piri =
nrn

In (1) p,g; is the probability that a group i paper published in year T cites a group j paper published in year

t, T>t. ¢;z;, is the number of citations, or the number of pairs of papers that are linked by citations. n; is



the number of group i papers in year T that could (but might not) cite group j papers in year t. For this

reason n, is the number of potentially citing papers and 7, is the number of group j papers in year t that
could be cited, and so are potentially cited papers. The product n;; xn ;, is the number of pairs of papers

that could be but mostly are not linked by citation.

It is useful to explain what is meant by “group” in this analysis. In the case of universities citing
universities, which we present first, we use group i to mean the citing field of science, while group j is the
cited field. Thus citing and cited fields and years define four-dimensional cells in these particular data.

Below we discuss the dimensions of the cells and we report descriptive statistics that are based on
them. For now we indicate how the citation function offers a parametric representation of the probability
of citation from group i in year T to group j in year t. First, we allow for intercept terms that correspond to
each of the cell dimensions, although we do not discuss these terms in this paper, given its focus on the
speed of diffusion’. In addition we allow for diffusion and decay processes as the lag increases between

citing and cited papers. The citation function for universities citing universities is

2) PiTjt = o & eXP []— ﬁlﬁlj @'—t {}1—exp []— Bo @" —t + Ui

In (2), a;; captures the average probability that field i cites field j, a7 is the average probability that a

citation is made in period T, and «, is the average probability that a citation is received in period t. But

note that the probability parameters are meaningful only when compared with a baseline value. In this

article, the ¢;; parameters are normalized by the value for chemistry, whose value is set equal to 1.0.

Likewise, the o, and «, parameters are normalized by the earliest citing and cited periods, whose values
are set equal to 1.0.

The B, parameter is a baseline parameter for the rate of decay in citation to chemistry, while f, ; is a
vector of decay parameters relative to the baseline. For this reason f3,; for chemistry is fixed at 1.0.

Finally, S, governs the overall diffusion as captured by citation. Since £, positions the overall rate of

3 Adams, Clemmons and Stephan (2004a,b) discuss the intercept terms of the citation function at length.
These parameters can be thought of as long-run linkages between science fields, industries, and other
groups.



citation, the parameter is not identified by field independently of the «; vector. As noted before, we limit
reported regression coefficients to 3, f,;,and S, for brevity and because of this paper’s focus on

diffusion. The error term isu,,,, and the equation is estimated by nonlinear least squares.

iTjt
In addition to the citation function for universities citing universities, we estimate citation functions for
firms citing universities, and for firms citing firms. The following passage explains how these versions of

the citation function differ from (2).
For the case of firms citing universities we include a vector of parameters ¢ that captures citing

industries and another «; that captures citing fields. Again because of this paper’s emphasis on diffusion,

we do not report these results’. As before the vector of parameters must be normalized by one of the

industries, since [, absorbs the overall citation rate. For this purpose we choose petrochemicals, whose

parameter is fixed at 1.0. In summary, the citation function for firms citing universities is:
) PITj = ®1@ ;O EXp [} BBy O -t -eo [Fp,0-0 -+ U Tyt

In the case of firms citing firms we include three intercept vectors. Two stand for citing and cited

industries and are¢; and «; . A third vector, standing for citing field, is ;. Thus, the citation function

for this case is:

4
) PiTjr = 1019 AT exp“»ﬂlﬁlj (T—t {}l—exp []»,82 (T—l + Uit
In some of our analysis we allow for greater freedom in the form of diffusion. This takes the form of

allowing the decay parameters to vary by citing industry as well as field so that f; ; becomes fy;; .

As before, in both (3) and (4) we limit reporting of the parameters to f,, f,;, and f,.

We turn now to the interpretation of the speed of diffusion. The point of this discussion is to argue

that the modal or most frequent lag in citation is a robust measure of speed given the functional form in (2),

* For an analysis of the intercept terms that allows for a full set of interactions between industry and field of
science for firms citing universities and firms citing firms, see Adams, Clemmons and Stephan (2004a).



(3), and (4). Recall that these functional forms are motivated by comparability with the citation function in
the patent literature. The modal lag for science field j, or the lag at which the citation probability peaks, is
(5) Lytodar = 1/ﬂ1ﬁ1,~
To prove this, take the derivative of the citation function, set it equal to zero, and solve for L.

The cumulative citation probability at L= is found by integrating (2)-(4). The cumulative probability
is given by:

af, .
BBy (ﬁlﬂu + 5

(6) Cle = [aexn(F4p,L [I-exp (oL dL =

In (6) we have combined the intercept terms in a single term « for convenience.
Next we compute the average lag in citation by multiplying each lag by the probability of citation
and integrating out to infinity:

al(ﬂlﬂlj +ﬂ2><2— ﬂlﬂlj)zJ
()71,31 ; 2 (ﬂ1ﬁ1 j +ﬂ2)2

™ Mg = I:aLeXp(}ﬂlﬂl L [l-exp(- AL dL=

The result to the right of the second equality sign can be proved by applying integration by parts to the
middle expression. However, this average lag is based on a cumulative citation probability that does not
sum to unity. To obtain a proper mean lag, we normalize or divide (7) by the cumulative citation
probability (6). After some manipulations the result is

1 N 1 - 2
Bip BB B By

(8) L= =2 Lyjodal

The approximation in the third expression is based on 3, / 8, B, ~ 0, which is true for the estimates

reported below. The point of discussing the modal and mean lags consisting of (5) and (8) is to show that
these lags rank the fields by speed of diffusion in the same order’. It follows that the modal lag is a robust

way to compare the speed of diffusion, given the functional forms that we use in this paper.

> We can also show that the median lag, which divides the cumulative probability of citation into 50 percent
before and 50 percent after, is approximately L,,,.giq, = —In(1/2)/ 1 f1; =0.6931/ 1 1 ; = 0.6931® L1544, -

This approximation is again based on £, / 51 ; 0. So the modal lag, the median lag, and the mean lag

all rank the speed of diffusion in the same order for the functional form of (2)-(4).



III. Database

The underlying data consist of 2.4 million scientific papers written in the top 110 U.S. universities
during 1981-1999 and of 18.8 million citations to those papers by other papers written in the 110. Also
included are 230 thousand scientific papers written by the top 200 U.S. R&D firms over the same period, as
well as 640 thousand citations to these papers by other papers written in firms. In addition, cross-citations
link the academic and industrial sectors together. The 200 firms make about one million citations to
scientific papers by the 110 universities. The 110 universities and 200 firms account for the majority of
academic and industrial research conducted in the U.S. The source of all these data is ISI, the Institute for
Scientific Information, in Philadelphia, Pennsylvania.

The papers appear in 7137 scientific journals. Each journal is assigned to a unique science field, along
with the papers published in them. The alternative to this journal assignment method is to assign papers
according to sciences of “origin”, as given by author’s departments. But that approach is ruled out by

incomplete information on academic departments®.

A. Distribution of Papers and Citations

Table 1 describes the distribution of university and firm papers and citations by field of science. The
first two columns contain the data for universities. About 61 percent of the university papers and 73
percent of citations originate in agriculture, biology, and medicine, so that the life sciences predominate
over university science. The fields of chemistry, engineering, and physics rank second and account for 24
percent of papers and 16 percent of citations. The remaining six fields of astronomy, computer science,
earth sciences, economics and business, mathematics and statistics, and psychology, which are half the
total, account for just 15 of university papers and 11 percent of citations.

The last two columns of the table describe the distribution of firm papers and citations. Nine of the 12
science fields are represented. The remaining three—astronomy, economics and business, and
psychology—account for one percent of industrial papers, and since they are trace elements, are dropped

from the table. In the industrial distribution, agriculture, biology, and medicine account for 32 percent of

® As an experiment we sought to assign all the papers of Harvard University to one of the 12 main science
fields in our data using address information. About one-third of the papers could not be assigned to a field
using information on authors’ Harvard addresses. Given this failure rate we abandoned the effort.



papers and 41 percent of citations instead of 61 and 72 percent, as in universities. Chemistry, engineering
and physics account for 59 percent of industrial papers and 54 percent of industrial citations rather than 24
and 16 percent, as in academia. Thus, the relative importance of life science and natural science and
engineering in industrial science are exactly the reverse of what they are in academic science. Another key
feature of the industrial distribution is the much greater importance of computer science, which accounts
for five percent of industrial papers and three percent of industrial citations compared with one percent or
less in universities. While these differences are not surprising, they are useful to take note of. For
example, they indicate that industrial citations made are much more likely to originate in physical science
than are the citations made by university papers.

In this section we complement the analytical discussion of section II with a description of citation
probabilities by citation lag. Our presentation is complicated by the fact that we are interested in
comparing diffusion between universities, firms and universities, and between firms, although the
comparison provides useful information on the diffusion process.

To undertake an analysis of diffusion we aggregate the papers and citations into cells classified by
citing and cited group and year, as in Section II. For each cell we calculate the numbers of citations,
potentially cited papers, and potentially citing papers. In the case of firms, the citing and cited groups that
define the cells entail more dimensions, because of the important role played by the firm’s industry.

Consider first universities citing other universities. In this case the data are classified by citing field
and year, and cited field and year’. We remove citations from a school to itself in order to separate
institutional self-citations from citations to other schools, since the diffusion process is very different for
the two kinds of reference. The number of cells in the case of ‘other’ citations, where the citing and cited
universities are different, is 36,834%. There are 21,801 cells composed of self-citations to and from the

same university’.

7 For citations within the same university-field, where the majority of citations take place, we also keep
track of citations and papers cited and citing of the top 20%, the middle 40%, and the lowest 40% of
universities in a field. Thus, within a field the cells are six-dimensional, consisting of citing field, rank, and
year; and cited field, rank, and year. However, taking rank of university-field into account has little bearing
on the diffusion process, since diffusion does not change when rank is taken out of the analysis.

¥ Cross-field citations do not occur in some years. The number of within-field cells (allowing for rank) is
9x12 for each citing and cited year combination. Likewise the number of cross-field combinations is



When firms cite universities the cells are classified by citing industry, field and year, and by cited field
and year. The number of citing industry-field-year, cited field-year cells is 30,604 in this environment.
Finally consider firms citing firms. The cells are classified by citing and cited industry, field and year.
There are 34,246 cells in the case of non-self citations, where citing and cited firms are different. The
number of cells where firms self-cite their own research is 10,687.

Table 2 describes the cells for the three sets of data excluding self-citations. The first three columns
present mean citations, mean potentially cited papers, and mean potentially cited papers for the three
sectoral interactions that we have discussed. The final column on the right presents means of the citation
probabilities as computed in equation (1).

Panel A presents means by field and year for universities citing universities. Mean ‘other’ citations
and citing papers vary more than cited papers, reflecting the scale of citing academic fields. The mean
number of cited papers varies less because of the rarity of cross-field citations. In general citations are more
numerous in this, the largest of the three sectors. The probability of citation is on the order of 10 and it is
noticeably larger in small disciplines such as astronomy and economics.

Panel B reports means by field and year, and industry group and year in the case of firms citing
universities. Because astronomy, economics, and psychology are rarely practiced in industrial research,
these fields are dropped from the panel. Since industrial papers are one-tenth as numerous as university
papers, the number of citations and papers citing are less than in panel A'®. The predominance of industrial
chemistry, engineering, and physics shows up in the larger means of citing papers in these areas relative to
biology and medicine and compared with panel A. The means by industry point out the frequency of
citations and publications in pharmaceuticals and biotechnology and their scarcity for example, in metals
and machinery. Notice that mean citation probabilities from firms to universities are on the order of 107

and thus are one-tenth as frequent as university-university citations. This calculation takes account of the

11x12. The potential number of citing and cited year combinations is (19x18)/2. Thus the potential
number of cells is (9x12 +11x12) x (19x18)/2=41,040. But 4,206 of the cross-field cells do not exist.

? The definition needs to be kept in mind. True self-citations, in which the same investigators reference
their own past research, are likely to diffuse even more rapidly than institutional self-citations, which is the
type that we record here.

' The mean number of potential university papers that are cited by firms in agriculture, biology, and
medicine exceeds the numbers cited by universities. This is because firms are latecomers to citation
compare with universities, when article counts in these fields are larger.
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smaller scale of industrial papers and suggests that citations between sectors are really less common than
they are within sectors.

Panel C displays means by citing fields and industries for the case of firms citing other firms. The
number of dimensions exceeds that of previous panels and, given the rarity of industrial papers, this
contributes to the low citation counts and papers cited in panel C compared to panels A and B''. However
the mean science citation probabilities between industrial firms are on the order of 10, confirming the
higher frequency of science citations within sectors as opposed to between sectors, which we have already

seen in comparing the citation frequencies in panels A and B.

B. Diffusion Lags by Citing and Cited Sector

Figure 1 graphs empirical citation curves between universities, from firms to universities, and between
firms. The citation curves show the mean probability of citation by the lag in years between citing and cited
papers. The curves peak in the second year, indicating that diffusion is rapid, though fitted citations diffuse
somewhat more slowly (see section IV). The irregular shape of the curve for firms citing each other at
longer lags is due to small sample sizes in the firm-firm data.

The apparent narrowing of the three curves as the citation lag increases results in part from differences
in scale between the curves. For this reason figure 2 normalizes each curve by the mean citation
probability at a lag of one, which brings out differences in shape independently of scale. The normalized
citation curve for universities is higher to begin with but converges on the firm citation curves. The
differences are very slight in the normalized curves. From a visual perspective the diffusion of science

proceeds at a very similar rate across citing and cited sectors of the U.S. economy.

C. Influence of Distance and Know-How on Diffusion

The next three figures examine the role of distance and of university “know-how”, where this is
represented by quality rankings of university science fields. Figure 3 graphs mean citation lags by the

distance between citing and cited scientific institutions'?. For this graph we take a close-in perspective.

"' In panel B the cells are classified by citing industry, field and year; and by cited field and year. In panel
C industry, field, and year on both citing and cited sides classify the cells.

12 Since these are mean citation lags they are roughly twice as large as modal lags. See equations (5) and
(8) on this point.

11



We examine the relationship between mean citation lag and distance in intervals of 50 miles as far as 500
miles between citing and cited universities and firms. A tendency is evident for the citation lag to increase
with distance in this figure, especially in the case of firms citing universities. While it is not easy to be sure
of the cause of the upward slope, it seems plausible that local partners are more likely to engage in research
collaborations, which would speed up the local diffusion process. However the increase in the mean lag is
small, about 0.3-0.5 years over 500 miles, less within universities, more outside, and most of this occurring
within 150 miles or so..

Figure 4 re-examines the distance relationship from a wide-angle perspective. The mean citation lag is
if anything declining. In the case of firms citing universities the lag reaches a peak at 1500 miles and then
declines out to 3000 miles. We suspect that this “inverted U” picks up regional advantages of the east and
west coasts.. In any event, it is hard to argue on the basis of figures 3 and 4 that science leaks out more
slowly with distance, except for the slightly more rapid diffusion within a radius of 150 miles.

Figure 5 calculates normalized university citation curves relative to a lag of one for each curve. The
graph reports separate citation curves for citing fields grouped in the top 20 percent, in the middle 40
percent, and in the bottom 40 percent of each field. The idea is to informally test whether more highly
ranked universities and fields learn more rapidly about outside research. The figure suggests that top 20
percent citations occur perhaps slightly sooner than those made by lesser departments. But the difference is

small and the speed of diffusion is about the same regardless of rank.

IV. Regression Findings for Universities

We turn now to quantitative results on diffusion which are derived from fitting the citation function (2)
to the data for universities citing universities. These results allow us to distinguish speed of diffusion by
science field separately from other aspects of the data. Tables 3 and 4 contain the results for the nonlinear
estimation problem described by equation (2).

Table 3 reports findings on the speed of diffusion of science between universities. The first column of
the table reports decay and diffusion parameters while the second reports estimated modal lags by field of

science. At the bottom of the first column are decay and diffusion parameters £, and S, , which represent

the starting point of the analysis. The decay parameter is £, =0.351, indicating a modal lag of 2.85 years
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for the baseline field, chemistry (1/ 8, =1/0.353=2.85). The diffusion parameter is £, =0.000072. Taken
together with S, , this indicates a peak probability of citation of £, / £, =0.00020.

The field decay rates are point estimates of the modal citation lags by field. Using equation (50, in

which the modal lag equals 1/ 5, 5, , we find that the shortest lag is 1.75 years in physics, while the longest

is 4.25 years, which occurs in computer science. The equally weighted mean of the modal lags across all
fields is 3.37 years. One part of these differences in lags represents variation in the speed of acceptance and
publication across fields, while another part reflects differences in propensities to collaborate, since joint
work speeds up diffusion. Of course, fields with shorter modal lags also exhibit more rapid decay in
scientific influence given the formulation of the citation function.

To see what role publication lags could be playing in the diffusion of science, we turn next to lags in
institutional self-citations, where universities cite themselves. One would expect that publication delays
play a less important role in this sample.

The third and fourth columns of table 3 report parameter estimates as well as estimates of the modal
lags. Modal lags for self-citations occur about 1.5-2.0 years sooner than citations between universities. In
chemistry the modal lag is 1.65 years and lags for the other fields are correspondingly shorter, yielding an
equally weighted average modal lags of 1.95 years. This is 73 percent faster than the modal lag for citations
between universities (3.37/1.95=1.73). Put another way, publication lags could account for as much as
three-quarters of the lags in the diffusion of science. The shorter lags on self-citation are evidence of
advanced notification: authors need not wait for publication to cite their own previous papers, as is usually
required before papers by others can be cited. This circumvention of journal delays may also explain why
modal lags on self-citation differ so little across fields. This narrowing of the range in modal lags can be
easily seen by comparing columns four and two of table 3.

Table 4 revisits the citation function for universities citing other universities. On this occasion the
analysis differentiates the speed of diffusion within fields from the speed of diffusion between fields.
Decay rates between follow decay rates within, and are indicated by italics. Of course we expect cross-
field diffusion to proceed more slowly because of barriers to the assimilation of technologically distant
information. This hypothesis is usually accepted, though in three cases it is narrowly rejected and a field

cites other fields more rapidly than itself. The three cases include the slowly diffusing fields of computer

13



science, earth sciences, and psychology, whose publication lags could slow down within diffusion
compared to between. Still, the hypothesis is on average confirmed, though the lags on cross-field citation
are only slightly longer. The modal lag is 3.4 years for same-field citation but is 3.9 years for other-field
citation, about half a year’s difference. Notice that the within-field parameters in column one are usually
the same up to the third decimal place as the total ( within- and between-field) parameters in table 3,

column one. This shows just how much within-field citation dominates the findings of table 3.

V. Regression Findings for Industry

A. Diffusion from University to Industry

We turn next to a study of the diffusion of science into industry. The results are based on citations of
the top 200 R&D firms to the top 110 universities, on citations of the firms to each other, and on citations
of the firms to themselves. We begin with the case of firms citing universities, in which citation function
(3) is fitted to the data. Tables 5, 6, and figure 6 contain the findings. As before and for brevity’s sake, the
tables concentrate on exponential terms of the citation function.

Table 5 reports main decay and diffusion parameters, along with the estimated modal lags by field.
The baseline modal lag for chemistry is slightly shorter than in table 3, column one, but the (equally
weighted) mean citation lag is 3.4 years, about the same as in table 3. This confirms the visual intuition of
figures 1 and 2, that there is little difference in the rate with which research diffuses within the university
system and outside the system. In addition, the ranking of fields in tables 3 and 5 is roughly the same:
physics remains the most rapidly diffusing field, and computer science continues to be among the slowest.

Table 6 explores the diffusion of science in greater depth. In this table we allow the rate of decay to
vary by citing industry as well as field, which in turn changes the estimated modal lag (see (5) above). The
analysis considers six major fields that are widely distributed across industries as well as evenly
represented in citations from firms to universities as well as citations between firms. The six are biology,
chemistry, computer science, engineering, medicine, and physics. Since the decay parameters vary across
industries as well as field, there are 66 possible parameters representing the six fields and 11 industry
groups. Making allowance for the fact that some sciences are negligible in several industries, there are 59

parameters left to be estimated. Given the large number of parameters, though, a way of summarizing the

14



results is needed. Table 6 accomplishes this by reporting the fastest and slowest diffusion estimates within
each of the six fields. In this way the table records industry variation by field. The range is substantial: in
biology the fastest industry has a modal lag of 1.93 years and the slowest a modal lag of 4.56 years. Even
physics with its short publication lags varies from 1.72 years to 2.56 years. On average the slowest
industry in a field takes 1.7 years longer to diffuse than the fastest industry. In the more detailed results,
not fully reported in the table, electrical equipment and communications stand out as industries to which
university science diffuses rapidly, while academic research reaches metals and machinery more slowly.
Figure 6 looks directly at industry variation in the speed of diffusion of academic science. Figure 6 is a
high-low graph where horizontal bars mark out medians of the modal lags. The medians are connected by a
solid line to permit easy comparisons across industries. This way of presenting the results removes the
influence of very fast or very slow fields in each industry, and suggests that certain industries are slower to
absorb new university research (metals, machinery, miscellaneous), while others (electrical equipment,
communications, and instruments) are faster. The average of the medians in the slower group yields a lag

of 3.18 years, while the average of the medians in the faster group is 2.28 years.

B. Diffusion Within Industry

The empirical work concludes with a study of the diffusion of science between firms. Table 7 contains
a set of basic results. The table confirms the earlier findings of tables 3 and 5 that science appears to leak
out as rapidly in industry as in academia. The equally weighted modal lag for firms citing each other in
column two is 3.5 years, which is nearly the same as the 3.4 years observed for universities citing each
other in table 3, column two. That estimate in turn is virtually the same as the lag of 3.4 years observed for
firms citing universities in table 5, column two. Of course, none of these estimates can directly capture
delays in the permission to publish sensitive findings. And yet the almost identical lags across the
academic and industrial sectors suggest that publication delays are quantitatively not very important in
industrial science. If they were, firms would cite an older literature on average than the literature cited by
universities, because an additional lag would afflict firm scientific publications but not academic
publications. What the results do seem to suggest is that any delays and secrecy typically apply further

down the chain of industrial innovation from pre-technology science.
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Columns three and four of table 7 contain the results for self-citation by firms. The average lag in self-
citation is 1.84 years, which is slightly less than the lag of 1.95 years for universities shown in column four
of table 3. As in table 3, self-citations occur about a year and a half more rapidly than citations to other
institutions. The lag structure is not very different from that prevailing in universities.

Table 8 explores the diffusion of science (between firms) by industry as well as field. As in table 6 we

allow the decay parameter ( £, ) to vary by citing industry as well as field. The analysis considers the six

fields as table 6: biology, chemistry, computer science, engineering, medicine, and physics. Making
allowances for the fact that several of the sciences are negligible in the citing and cited industries, 50
parameters are left to be estimated out of a possible 66. Given the large number of parameters we report
the fastest and slowest diffusion estimates for each of the six fields, which displays industry variation by
field in firm-firm diffusion. The range is large: in medicine the fastest industry has a modal lag of 2.40
years while the slowest has a modal lag of 6.11 years. Physics exhibits the smallest range of variation,
from 1.79 years to 3.32 years, but this is still substantial. On average the slowest industry in a field takes
2.2 years longer to diffuse than the fastest industry. In the more detailed results drugs, electrical equipment
and communications stand out as industries to which outside industrial science diffuses rapidly, while
research results reach computers, metals and miscellaneous more slowly.

Figure 7 is a high-low graph of the variation in modal lags for citations between firms. Like figure 6
medians of the modal lags by industry are illustrated by horizontal bars. The medians as before are
connected by a solid line that permits ready comparisons across industries. This suggests that certain
industries are unusually slower to absorb new university research (metals, computers, and miscellaneous),
while others (drugs, electrical equipment, and communications, and instruments) are unusually fast. The
average of the medians in the slower group amounts to 3.97 years, while the average of the medians in the
faster group is 2.53 years, about one and a half year’s difference.

Taken together tables 3, 5, and 7 suggest that diffusion of scientific research on average is both rapid
and similar across the academic and industrial sectors of the U.S. economy. However, as tables 6, 8 and
figures 6, 7 show the close similarities in average speed of diffusion conceal substantial differences in the

speed of diffusion of science across industry.
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VI. Comparative Diffusion of Science and Technology

This section is concerned with two questions. First, how does the diffusion of scientific research
compare with the diffusion of patented technology? And second, what is the significance for economic
welfare of any of the findings on diffusion?

We begin by comparing our results to results from other papers that apply the citation function
approach, but to patent citations. Jaffe and Trajtenberg (1996) estimate a citation function for U.S. patents
citing patents by U.S. universities and the federal government with the goal of understanding the arrival of
knowledge created in the public sector in the United States. Using a lag between patents generated by the
difference between citing and cited years that the patents were granted, the paper finds that the modal lag is
4.69 years.

In a study of international patent citations Jaffe and Trajtenberg (1999) find that the modal lag for
U.S. patents citing other U.S patents is 5.3 years in the baseline field of drug and medical patents, but that
this lag varies slightly, from a low of 4.6 years to a high of 5.3 years, depending on the technology field.
Thus the average modal lag is about five years in patent citations.

Popp (2002) studies the diffusion of energy-saving technologies as part of a project aimed at
understanding the role of energy prices and of energy-related knowledge on the creation of new energy-
saving technologies. His citation function uses the application year of citing patents and the granting year
of cited patents, on the grounds that the application year captures the true date of the citing invention and
the grant year on the cited invention captures the date at which the information becomes public. This
approach necessarily shortens the citation lag, and indeed the modal lag is 2.8 years. Since on average
patents require two years from application to grant, this result is about the same as the five year lag in Jaffe
and Trajtenberg (1996, 1999). Notice that grant years for patents are analogous to publication years for
scientific papers. The five year modal lag in technology is comparable to a 3.5 year modal lag in science.
On this basis the rate of diffusion in science can be judged to be 30 percent faster. Part of this difference
between the rate at which science and technology leak out is due to the fact the lag between application

date and grant date is two years in the case of patents, whereas Ellison (2002) finds that publication lags in
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large areas of science are one year or less. But another part is due an intrinsically faster rate of diffusion in
science.

Branstetter (2004) estimates the citation function on U.S. patents citing scientific papers of
California’s research universities. Citing year is the grant date while cited year is the publication date.
This concept of citation lag compares closely with that used in Jaffe and Trajtenberg (1996, 1999), except
that the lags run from invention to science rather than from invention to invention. The modal lag between
patents and scientific papers is 8.33 years, and this is the most frequent time it takes for science to move
between researchers in science, and then from industrial science to industrial invention'.

One might speculate as to whether the modal lag of 3.5 years within science p/us the modal lag of
five years within technology combines to produce a lag of 8.33 years from papers to patents, but more work
would be needed to verify this claim. What seems clear from all these results, though, is that citation lags
in science are shorter than citation lags in technology. This could well be an advantage of the Open
Science system, since shorter lags diminish the gap between technology-in-use and best-practice

technology, and raise the path of output over time (Nelson and Phelps, 1966).

VII. Conclusion

In this paper we have demonstrated the rapid diffusion of science between scientific researchers, not
only between universities, but also between firms, and between firms and universities. The modal lag in
citation, a fairly robust indicator of the speed of diffusion, is 3.5 years, compared with 5.0 years based on
patent data using the same formulation. Diffusion seems to be about 30 per cent faster between scientists
than between inventors. It is important to see that this evidence provides a lower bound on the speed of
diffusion between science and technology. As noted, that requires an additional diffusion of science in
industry to industrial inventors as Branstetter’s (2004) results imply. Our findings offer tentative support
for the hypothesis that Open Science contributes to more rapid diffusion than Proprietary Technology.
Curiously, diffusion of scientific research does not appear to be much delayed in industry. For those

allowed to do science, incentives to publish appear to be strong regardless of sector.

1 Adams (1990) uncovers a mean lag of 20 years for the peak effect of stocks of scientific papers on
productivity growth. Since the mean lag for the citation function is twice the modal lag (see (8)), a modal
lag of 8.33 years corresponds to a mean of 16.667 years, not very different from 20 years.
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Certain scientific fields stand out for the rapidity with which their research disperses. Most rapid of all
is physics, whose modal lag is 1.75 years. Certain others, such as computer science and economics, diffuse
slowly. Some of the differences are due to publication lags, as the results on self-citation demonstrate. Still
others are due to differences in collaboration practices, which are strong in rapidly diffusing fields such as
physics (Adams, Black, Clemmons and Stephan, 2004).

Looking ahead we would like in principle to go back to the roots of the subject, as set forth in the
pioneering work of Griliches (1957) and Mansfield (1963), and find out why diffusion varies across fields
of science and by industry.. Part of the answer lies in field differences in the cost and time lags involved in
the review process, which impact the industry differences in figures 6 and 7 as well. But another part lies
purely within industries, in which some industry form part of the frontier while others lie well behind. Yet
another question is what these differences imply for the efficiency of the invention production function.

But these investigations must await another occasion.
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Table 1

Papers and Citations by 12 Main Fields of Science
The Top 110 U.S. Universities and the Top 200 U.S. R&D Firms, 1981-1999

The Top 110 Universities The Top 200 R&D Firms
Field
Papers Citations from Top Papers ¢ Citations from Top
P 110 Schools P 200 R&D Firms
Aericulture 189,740 730,777 6,025 6,850
& (7.8%) (3.9%) (2.5%) (1.1%)
Astronom 35,795 371,982 e e
Y (1.5%) (2.0%) — —
Biology 639,195 8,339,862 44,082 187,617
(26.3%) (44.4%) (18.5%) (29.2%)
Chemist 195,437 1,371,491 39,346 106,943
v (8.0%) (7.3%) (16.5%) (16.7%)
Computer Science 28,184 76,424 12,367 17,916
(1.2%) (0.4%) (5.2%) (2.8%)
. 73,126 566,280 3,616 5,011
E h > i} B >
arth Sciences (3.0%) (3.0%) (1.5%) (0.8%)
Economics 43,892 161,813 e e
(1.8%) (0.9%) — —
Engincering 170,569 467,955 50,203 53,541
(7.0%) (2.5%) (21.1%) (8.3%)
Mathematics and 61,061 187,484 2,665 3,471
Statistics (2.5%) (1.0%) (1.1%) (0.5%)
Medicine 659,000 4,563,261 26,739 68,507
(27.1%) (24.3%) (11.2%) (10.7%)
Phvsics 217,026 1,219,080 50,346 187,770
y (8.9%) (6.5%) (21.1%) (29.2%)
Psychology 116,976 727,673 e e
(4.8%) (3.9%) — —

Source: Institute for Scientific Information and Computer Horizons, Inc. * Sum of university articles is
2,430,001. ® Sum of university-university citations is 18,784,082. ¢ Sum of firm articles is 235,389. 4 Sum
of firm-firm citations is 637,626. ° Astronomy, economics and psychology contribute less than one percent
of firm papers and so are dropped from this table. Papers are assigned to journals according to the Journal-
Field Assignment Method discussed in the text, in which journals are assigned to unique fields, and papers
follow the field assignment of journals. Percentages are percents of column totals.
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Table 2

Mean Citations, Papers Cited, Papers Citing, and Citation Probabilities
The Top 110 Universities and the Top 200 U.S. R&D Firms

Classification Citations Pmenti‘f‘l Potenti.a-l Mean Cit'a-t fon
Papers Cited Papers Citing Probability

Panel A. Citations between the Top 110 Universities

Citing Fields
Agriculture 487 14,609 13,537 0.19x10™
Astronomy 538 11,916 3,729 7.17x10*
Biology 4,158 16,840 51,541 0.21x10™
Chemistry 660 14,095 14,486 0.40x10™
Computer Science 55 12,262 2,462 1.37x10™
Economics and Business 207 14,317 3,720 2.28x10™
Engineering 230 12,543 13,369 0.13x10™
Earth Sciences 435 12,310 6,375 1.51x10™
Mathematics and Statistics 103 12,400 4,669 0.56x10™
Medicine 3,614 19,355 54,570 0.14x10™
Physics 1,333 13,731 19,270 0.51x10™
Psychology 605 14,025 9,403 0.81x10™

Panel B. Citations from the Top 200 R&D Firms to the Top 110 Universities

Citing Fields
Agriculture 15 25,723 112 0.99x107
Biology 120 26,348 579 0.87x107
Chemistry 33 17,689 301 1.21x107
Computer Science 13 4,564 180 5.81x107
Engineering 16 10,690 333 0.83x107°
Earth Sciences 20 14,926 65 11.06x10°
Mathematics and Statistics 6 3,030 32 7.54x107
Medicine 106 30,467 556 0.85x107
Physics 35 12,727 367 0.98x10°

Citing Industries
Petrochemicals (13, 28 except 283, 29-30) 37 20,037 323 1.20x107
Pharmaceuticals & Biotechnology (283) 182 22,816 994 1.49%x10°
Primary and Fabricated Metals (33,34) 7 18,781 37 1.60x10°
Machinery, Except Computers (35, except 6 10,009 44 1.63x10°

357)
Computers (357) 14 13,990 124 1.95x10°
Electrical Equipment (36) 22 12,539 319 5.17x10°
Transportation Equipment (37) 21 14,964 214 5.12x10°
Instruments (38) 20 22,717 119 2.88x10°
Communications Services (48) 28 11,097 265 7.39x10
Computer Software & Services (737) 25 13,298 268 4.64x10°
All Other 10 23,119 41 1.49x10°
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Table 2

Mean Citations, Papers Cited, Papers Citing, and Citation Probabilities
The Top 110 Universities and the Top 200 U.S. R&D Firms

Classification Citations Potential Potential Mean Cit'a'tion
Papers Cited Papers Citing Probability
Panel C. Citations between the Top 200 R&D Firms
Citing Fields
Agriculture 2 606 134 0.85x10™
Biology 20 568 1172 0.81x10™
Chemistry 5 415 346 0.63x10™
Computer Science 3 232 215 1.40x10™*
Engineering 3 429 466 0.25x10™
Earth Sciences 3 89 103 3.52x10™
Mathematics and Statistics 2 52 37 12.15%10™
Medicine 13 654 867 0.46x10™
Physics 7 398 410 0.59x10™
Citing Industries
Petrochemicals (13, 28 except 283, 29-30) 5 464 400 0.59x10™
Pharmaceuticals & Biotechnology (283) 22 511 1,405 0.33x10™
Primary and Fabricated Metals (33,34) 2 642 44 0.85x10™
Machinery, Except Computers (35, except 2 637 37 1.40x10™*
357)
Computers (357) 4 421 151 0.81x10™
Electrical Equipment (36) 5 341 478 0.88x10™
Transportation Equipment (37) 4 408 357 0.45x10™
Instruments (38) 3 604 126 0.63x10™*
Communications Services (48) 6 363 469 0.64x10™*
Computer Software & Services (737) 5 348 374 0.60x10™*
All Other 2 881 38 0.91x10™

Notes: The table entries are means over all cells and not sums. The number of cells that enter into the

calculations for Panel A is 36,834. Citing and cited fields and citing and cited years classify these

university-university cells. For Panel B, which consists of firm-university cells, this number is 30,604. In
this case citing industry, citing and cited fields, and cited fields and years classify the cells. The number of
cells in Panel C is 34,246. In the firm-firm cells the classifying variables are citing and cited industries,

fields, and years.
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Table 3
Diffusion Estimates: Citations Between the Top 110 U.S. Universities

Citations to Other Universities * Self-Citations to the Same University ”

Parameter, Science Field

Estimate ¢ Estimate ¢
(St. Error) Modal Lag (St. Error) Modal Lag
Decay Parameters (By;)
Agriculture 0.783 3.64 0.781 2.11
(0.022) (0.012)
Astronomy 1.046 2.72 0.867 1.90
(0.012) (0.005)
Biology 1.090 2.61 0.894 1.84
(0.016) (0.010)
Chemistry 1.000 2.85 1.00 1.65
(--) (--)
Computer Science 0.671 4.25 0.866 1.90
(0.011) (0.011)
Economics and Business 0.678 4.20 0.732 2.25
(0.009) (0.011)
Engineering 0.744 3.83 0.907 1.82
(0.028) (0.017)
Earth Sciences 0.854 3.34 0.743 2.22
(0.011) (0.005)
Mathematics and Statistics 0.708 4.02 0.834 1.98
(0.014) (0.011)
Medicine 0.922 3.09 0.814 2.02
(0.019) (0.018)
Physics 1.632 1.75 1.211 1.36
(0.022) (0.012)
Psychology 0.693 4.11 0.698 2.36
(0.010) (0.008)
Baseline Decay Parameter (B,)* 0.351 _ 0.607 _
(0.004) (0.003)
Diffusion Parameter (B,)* 1.08x10™ _ 4.95x10™ _
(3.23x10°) (5.86x10°°)
Average Modal Lag o 3.37 o 1.95

Notes: The equation includes intercept terms for citing and cited fields, cited years and citing intervals,
which are significant. * The number of observations is 36,834. The adjusted R’=0.938. The estimated
standard error of the regression (root mean squared error) is 0.0010. ° The number of observations is
21,801. The adjusted R>=0.952. The estimated standard error of the regression (root mean squared error) is
0.0006. © The modal lag equals the reciprocal of f£,);. See (5) in the text.
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Diffusion Estimates: Citations Between the Top 110 U.S. Universities,

Table 4

Within and Between Sciences

Citations to Other Universities *

Parameter, Citing Science Cited Group
Estimate (St. Error) Modal Lag "
Decay Parameters (By;)
Agriculture Same Field 0.786 (0.023) 3.62
«“ All Others 0.679 (0.107) 4.20
Astronomy Same Field 1.044 (0.012) 2.73
“ All Others 0.891 (0.119) 3.20
Biology Same Field 1.090 (0.016) 2.61
«“ All Others 0.958 (0.097) 2.97
Chemistry Same Field 1.000 (--) 2.85
“ All Others 0.908 (0.171) 3.14
Computer Science Same Field 0.671 (0.011) 4.25
« All Others 0.751 (0.203) 3.79"
Economics and Business Same Field 0.678 (0.009) 4.20
«“ All Others 0.423 (0.071) 6.74
Engineering Same Field 0.749 (0.029) 3.80
“ All Others 0.577 (0.109) 4.94
Earth Sciences Same Field 0.853 (0.010) 3.34
“ All Others 0.940 (0.125) 3.03"
Mathematics and Statistics Same Field 0.707 (0.014) 4.03
“ All Others 0.685 (0.301) 4.16
Medicine Same Field 0.921 (0.019) 3.09
«“ All Others 0.911 (0.070) 3.13
Physics Same Field 1.631 (0.022) 1.75
“ All Others 1.135 (0.216) 2.51
Psychology Same Field 0.692 (0.010) 4.12
“ All Others 0.701 (0.156) 4.06"8
Baseline Decay Parameter ()* 0.351 (0.004) _
Diffusion Parameter (f,)* 1.08x10™ (3.25x107) _
Average Modal Lag, Same Field o o 3.37
Average Modal Lag, All Others 3.82

Notes: The equation includes intercept terms for citing and cited fields, cited years and citing intervals,
which are significant. * The number of observations is 36,834. The adjusted R>=0.938. The estimated
standard error of the regression (root mean squared error) is 0.0010. ® Citation lag to other fields is shorter
than citation lag within a field and represents a reversal in the relative speed of within field diffusion. ® The

modal lag equals the reciprocal of f,/;. See (5) of the text.
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Table 5
Diffusion Estimates: Citations from the Top 200 U.S. R&D Firms
To the Top 110 U.S. Universities

Citations to Universities *
Parameter, Science Field

Estimate b
(St. Error) Modal Lag
Decay Parameters (By;)
Agriculture 0.765 3.35
(0.056)
Astronomy 0.934 2.75
(0.024)
Biology 0.997 2.57
(0.036)
Chemistry 1.000 2.56
()
Computer Science 0.622 4.12
(0.020)
Economics and Business 0.672 3.82
(0.023)
Engineering 0.655 391
(0.040)
Earth Sciences 0.819 3.13
(0.023)
Mathematics and Statistics 0.553 4.64
(0.027)
Medicine 0.886 2.89
(0.043)
Physics 1.242 2.06
(0.045)
Psychology 0.532 4.82
(0.031)
Baseline Decay Parameter (f8;)* 0.390 _
(0.010)
Diffusion Parameter (B,)* 0.69x10™ _
(3.75x107)
Average Modal Lag _ 3.39

Notes: The equation includes intercept terms for citing and cited fields, cited years and citing intervals,
which are significant. * The number of observations is 30,604. The adjusted R>=0.711. The estimated
standard error of the regression (root mean squared error) is 0.0009. ° The modal lag equals the reciprocal
of B, - See equation (5) in the text.
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Table 6
Diffusion Estimates by Field and Industry:
Citations from the Top 200 U.S. R&D Firms to the Top 110 U.S. Universities

Citations to Universities

Decay Parameter, Science Field Industry of Slowest Diffusion " Industry of Fastest Diffusion "

Biij Estimate Modal Lag ° /Blij Estimate Modal Lag ¢

(St. Error) (St. Error)

Biology 0.480 4.56 1.131 1.93
(0.078) (0.042)

Chemistry 0.609 3.59 1.028 2.13
(0.040) (0.030)

Computer Science 0.385 5.68 0.697 3.14
(0.013) (0.019)

Engineering 0.473 4.63 0.714 3.06
(0.021) (0.057)

Medicine 0.648 3.38 1.074 2.04
(0.069) (0.051)

Physics 0.852 2.56 1.270 1.72
(0.056) (0.029)

Average Modal Lag _ 4.07 _ 2.34

Notes: The equation includes intercept terms for citing and cited fields, cited years, and citing intervals,
which are significant. * The number of observations is 22,855. The adjusted R*=0.800. The estimated
standard error of the regression (root mean squared error) is 0.000274. ° The identity of the industry for
which diffusion is the slowest or the fastest of course varies across the six science fields. © The modal lag
equals the reciprocal of /) fy;;, where f; =0.457 is the estimate of the rate of decay within

petrochemicals in the field of chemistry, and subscriptsij stand for citing industry and field. See equation
(5) in the text.
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Table 7
Diffusion Estimates: Citations Within and Between the Top 200 U.S. R&D Firms

Citations to Other Firms * Self-Citations to the Same Firm "
Parameter, Science Field
Estimate ¢ Estimate ¢
(St. Error) Modal Lag (St. Error) Modal Lag
Decay Parameters (By;)
Agriculture 0.736 421 0.932 1.63
(0.043) (0.113)
Biology 1.050 2.95 0.948 1.60
(0.018) (0.038)
Chemistry 1.000 3.10 1.000 1.52
(=) -
Computer Science 0.800 3.87 0.700 2.17
(0.020) (0.118)
Engineering 1.019 3.83 0.888 1.71
(0.030) (0.089)
Earth Sciences 0.742 4.17 0.526 2.89
(0.025) (0.016)
Mathematics and Statistics ¢ 0.904 342 - -
(0.024)
Medicine 0.820 3.78 1.024 1.48
(0.027) (0.040)
Physics 1.371 2.26 0.884 1.72
(0.023) (0.032)
Baseline Decay Parameter (B,)* 0.323 _ 0.658 _
(0.005) (0.019)
Diffusion Parameter (B,)* 0.93x10* _ 13.46x10™ _
(5.89x10°) (2.28x10™)
Average Modal Lag . 3.51 o 1.84

Notes: The equation includes intercept terms for citing and cited fields, cited years and citing intervals,
which are significant. * The number of cells is 34,246. The adjusted R*=0.580. The estimated standard
error of the regression (root mean squared error) is 0.0010. ° The number of observations is 10,687. The
adjusted R?=0.805. The estimated standard error of the regression (root mean squared error) is 0.0124. ©
The modal lag equals the reciprocal of f,f;;. See equation (5) in the text. ¢ Self-citations by industrial
firms in mathematics and statistics are rare enough that we include them in a remainder diffusion term.
That term is insignificant so it is not reported here.
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Table 8
Diffusion Estimates by Field and Industry:
Citations Between the Top 200 U.S. R&D Firms

Citations to Other Firms *

Decay Parameter, Science Field Industry of Slowest Diffusion " Industry of Fastest Diffusion "

ﬁlij Estimate Modal Lag ¢ ﬂllj Estimate Modal Lag c

(St. Error) (St. Error)

Biology 0.610 3.87 1.052 2.24
(0.023) (0.046)

Chemistry 0.491 4.80 1.013 233
(0.028) (0.050)

Computer Science 0.488 4.83 0.684 3.45
(0.029) (0.031)

Engineering 0.543 4.34 1.119 2.11
(0.098) (0.058)

Medicine 0.386 6.11 0.957 2.46
(0.029) (0.064)

Physics 0.711 3.32 1.318 1.79
(0.035) (0.057)

Average Modal Lag . 4.55 . 2.40

Notes: The equation includes intercept terms for citing and cited fields, cited years, and citing intervals,
which are significant. * The number of observations is 31,770. The adjusted R*=0.545. The estimated
standard error of the regression (root mean squared error) is 0.00103. ° The identity of the industry for
which diffusion is the slowest or the fastest of course varies across the six science fields. © The modal lag
equals the reciprocal of f; f3j;;, where f; =0.424 is the estimate of the rate of decay within petrochemicals
in the field of chemistry, and subscripts and #j stands for citing industry and field. See equation (5) in the

text.
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Figure 1--Mean Probability of Citation,
By Citing and Cited Sector
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Figure 2--Normalized Mean Probability of Citation,

By Citing and Cited Sector, Lag 1=1.0
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Figure 3--Mean Lag in Citation,
By Distance up to 500 Miles
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Figure 5--Normalized Mean Probability of Citation,
By Rank of University Department, Lag 1=1.0
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Figure 6--Modal Lags by Industry Group, Firms Citing Universities
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Figure 7--Modal Lags by Industry Group, Firms Citing Firms
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