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Many different theoretical models can be made to fit
empirical informetric data. For the case of the distribution of papers across authors, the Success-Breeds-Success or Cumulative Advantage model is a popular candidate. This article shows that examination of the time
pattern of production allows independent evaluation of
the component processes that generate the distribution
of papers across authors. Specifically for inventors, the
Cumulative Advantage model for increasing rate of production with experience is not confirmed. Furthermore,
the distribution of individual production is Poisson and
the distribution of the rate of production across the population fits the Gamma distribution. Thus, the non-uniform giftedness model is more appropriate for inventors.

Introduction

The principle of Cumulative Advantage or SuccessBreeds-Success has a long tradition in informetrics. Simon (1957) first proposed such a model, later named the
Simon-Yule process. Many other authors (Chen, 1989;
Chen, Chong, & Tong, 1994; Fedorowicz, 1982; Price,
1976) added to this tradition. This process produces mathematical functions showing that the primary informetric
laws (Lotka, Price, Pareto, Zipf, etc.) are related
(Bookstein, 1990; Fedorowicz, 1982; Tague, 1981). Most
recently Egghe and Rousseau (1995) and Glanzel and
Schubert (1995) have developed more generalized Success-Breeds-Success models. Clearly the principle of Success-Breeds-Success and Cumulative Advantage is alive
and well as a model for general studies in informetrics.
The Simon-Yule framework is often expressed in such
a way as to model the growth of the population of authors
publishing in a field. However, Schubert and Glanzel
(1984), Allison, Long, and Krauze (1982), and Rao
(1980) have expressed it explicitly as a model for the
increasing rate of publication for individual authors. This
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model implies that the shape of the distribution of production across a population arises from the distribution of
production within each individual’s career. It is this application which will be investigated in this article. In the
general case, the Simon-Yule framework is expressed as
sources which produce items. For clarity, we will express
it as authors who produce publications in keeping with
the application chosen here.
Burrell and Fenton (1993) clearly described the two
component processes that must be present to generate data
that fits the distribution of publications across authors.
Readers who are unfamiliar with the typical distribution
of publications across authors may wish to examine Figure 1. One of the component processes is the time pattern
of individual production (publications counted over the
years of a career). The other is the distribution of productivity over the population of authors, analogous to the
distribution of IQ over the general population.
However, there are models other than Cumulative Advantage which also fit the empirical laws. One popular
model (Allison, 1980a; Burrell & Fenton, 1993) assumes
that the rate of publication for an individual is stable over
his or her career and that the distribution of the rate of
publication over the population determines the distribution of publications over authors. This model generally
has been nameless; here it will be denoted ‘‘non-uniform
giftedness.’’ Thus, the Cumulative Advantage and nonuniform giftedness models reflect nearly opposite views
or opposite ends of a continuum. One objective of this
article is to demonstrate a method of determining which
model is a better fit for a given set of empirical data, or
if a mixture of the models is appropriate.
Lotka (1926) established the field of investigating the
distribution of production of scientific publications over
authors. Lotka found that the number of authors fell as
the square of the number of papers produced, since known
as Lotka’s Law. It has since been generalized to be an
inverse power function with exponent ranging from about
1.8 to 3.8 (Pao, 1986). Since then, there has been consid-
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erable focus on creating models which can generate mathematical functions that fit the empirical observations. At
various times, negative binomial (Allison, 1980b; Land,
McCall & Nagin, 1996), Poisson, (Land, McCall, &
Nagin, 1996), Contagious Poisson (Allison, Long, &
Krauze, 1982), Generalized Poisson (Consul, 1989, pp.
129–135), and Generalized Inverse Gaussian Poisson
(Burrell & Fenton, 1993) distributions have been fit to
various new and old data sets with varying degrees of
success. The causes of these discrepancies have not been
resolved. Another objective of this article is to suggest
some potential causes for these discrepancies.
In general, an individual’s time pattern of publication
will not be exactly constant. Burrell & Fenton (1993),
Sichel (1992), Allison (1980b), and Bookstein (1976),
have explicitly assumed that an individual’s time pattern
of publication follows a Poisson distribution. But there
appears to be no published empirical confirmation of the
Poisson distribution until Huber’s (in press, 1997) recent
work. Whether Poisson or not, the parameter(s) of the
distribution (e.g., mean and variance) may be constant
in time and experience (homogenous, in mathematical
statistic nomenclature) or may vary (heterogeneous). Individual Cumulative Advantage having increasing rate of
publication is an example of a heterogeneous distribution.
This article will demonstrate a method to determine which
one fits an empirical data set.
In addition, there is the distribution of these individualdescriptive parameters across the population of authors.
Some studies have assumed a Gamma distribution of the
Poisson parameter for individual production. This is a
convenient assumption since the result from this mixture
is the negative binomial distribution with parameters that
can directly produce those of the component Gamma distribution (Johnson, Kotz, & Kemp, 1993, p. 204). However, this is one of the few such combinations of component distributions which are so nicely behaved. More
commonly, such combinations lead to complicated distributions with weaker estimation procedures and weaker
connection to the component distributions (Johnson,
Kotz, & Kemp, 1993, pp. 326–335). Also, there appears
to be no published empirical confirmation of the Gamma
distribution describing informetric data.
In this article, we will show that measuring the time
pattern of individual production is vital to resolving the
conflicting claims of various models and their application
to the general Lotka Law empirical data. Firstly, measuring the time pattern of individual publication can independently test the goodness-of-fit of the Poisson distribution,
or any other distribution. It is straightforward to determine
if the distribution is constant over time and experience
or not. Thus, Success-Breeds-Success and Cumulative
Advantage can be evaluated directly. Secondly, once this
distribution has been determined for each author, then the
distribution of those parameters across a sample can be
calculated and parameters for the population can be esti-
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mated. Thus, goodness-of-fit of the Gamma distribution,
or any other distribution, can also be evaluated directly.
The empirical data set evaluated here is a random sample of inventors. Tague and Nicholls (1987) have pointed
out that many historical, legacy data sets are not random
samples. Therefore arguing for a particular model based
on the number of historical data sets having a good fit is
not generally persuasive. For the inventor data set, the
distribution of individual publication is found to fit the
Poisson distribution. Also, the Poisson parameter is constant over the time interval studied. Thus, SuccessBreeds-Success and Cumulative Advantage can be rejected without recourse to fitting a mathematical function
to the distribution of papers over authors. Also, for this
data set, the distribution of the Poisson parameter (average rate of production) over the population fits a Gamma
distribution.

Method

In informetrics, most of the empirical analysis has been
on scientific publications. What is the advantage of analyzing inventors? There are four reasons why inventors
should be included in informetric analysis.
In any empirical study, it is important to avoid sources
of uncontrolled variance. Such excess variance obscures
relationships among the variables being studied and leads
to ambiguous conclusions. One of the concerns about
informetric studies of scientific publications is the variable quality of different journals (Price, 1963, pp. 67–
69). The quality standards may vary across journals
within the same field and also across fields. However, for
a patent to be issued, the invention must be new to the
world, useful in a practical sense, and unobvious to persons reasonably skilled in the art, i.e., the specific technology (Burge, 1984, pp. 43–46). This standard is applied
uniformly to all patents. Thus, there tends to be a more
consistent standard than for scientific publication. However, we do not know at this time if this truly reduces
variance.
Another reason to study patents is the abundant biographical information provided about the inventors. Those
who perform index searches know that it is difficult to
determine if the Jane Q. Jones of a particular publication
is the same one who has other known publications. The
movement of academic authors between universities and
between fields aggravates this discrimination problem. On
the other hand, inventors tend to stay in one place and in
one field. Firstly, most inventors are employed in industry, since it takes substantial investment to develop and
market new products. Secondly, they tend to stay with
one employer because of non-competition and confidential information issues. Thirdly, they tend to stay in the
same field, or evolve slowly. Accurately identifying individual inventors is not a minor issue. There are 27 different Robert L. Smith’s in the U.S. Patent database. More-
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book. Middle initials, since they were rarely present, were
ignored. Then the U.S. patents database since 1975 was
searched for inventors with those names. Inventors working for companies outside the U.S. were not included
because companies may be more selective about filing
patents outside their home markets. Thus, a non-U.S. inventor may have only a fraction of his or her patents filed
in the U.S. The resultant sample contained 346 inventors
who had 854 patents.

FIG. 1. Pareto diagram for inventors (regression line slope Å 1.6;
correlation Å 99.5%.

over, the distribution of output is highly skewed, with
most inventors having few patents, similar to scientific
publications. Therefore, most individuals with identical
names will have few publications. When they are inappropriately aggregated as one ‘‘individual’’ there will be an
erroneous decrease in the number of authors with few
publications and an erroneous increase in the number of
authors with moderate publications. Thus, mistakes in
discriminating among authors leads to a ‘‘hump’’ in middle output, deviating from the straight line representation
of the log of papers versus the log of authors representative of informetric laws. Another reason to study patents
is that the total inventory of approximately one million
patents issued by the U.S. Patent Office since 1975 can be
searched electronically on CD-ROMs, and on the Internet.
And last, but by no means least, patents are an important
informetric source that has been little studied (Acs &
Audretsch, 1989; Narin, 1994; Narin & Breitzman, 1995;
Schmoolker, 1966, pp. 197–215; Shockley, 1957).
How the Sample Was Obtained
Unfortunately, the electronically-accessible U.S. Patents database does not lend itself to drawing random
samples of inventors. Rather, it is designed to retrieve
individual patents based on matching specific information. However, this problem was addressed by assuming
that the distribution of inventors in the patents database
is the same as the distribution of names in the U.S. population. Another way of saying this is that there is no special
relationship between an inventor’s name and his or her
patent output. A representative sample of the U.S. population may be taken from a telephone book. The telephone
book chosen was the residential White Pages from Austin,
Texas. Austin was chosen because the vast majority of
its residents are immigrants from elsewhere in the United
States. Thus, any ethnic bias is minimized, since many
other cities have large ethnic populations and there may
be some relationship between ethnicity and proclivity to
patent, though none is known at this time. Ninety-nine
names were drawn at random by choosing the name in
the upper right corner of every tenth page in the telephone

The Method of Analysis
For each individual inventor, the output of patents was
separated into the years since the first patent. The patents
in each year were counted. This resulted in a time sequence of patents, such as 1, 0, 1, 1, 0, 0, 1, 0, 0, 1, for
a career duration of 10 years.
A requirement for most statistical procedures is that
the observed data be obtained from random samples. In
addition to the random sample of inventors discussed
above, we are also interested in the randomness of production within individual careers. Here, the number of patents
for each year is a sample for that individual inventor. A
common method of determining randomness is the test
of runs (Hamburg, 1977, pp. 352–354). A few examples
will help to clarify this procedure. Consider three inventors, each with exactly five patents spread over 10 years
duration. Inventor A has the following sequence of patents per year: 1, 1, 1, 1, 0, 0, 0, 0, 0, 1. In this simplified
example, a run is a sequence of one or more years with
the same number of patents. Thus, inventor A has three
runs. Inventor B has the following sequence of patents
per year: 1, 0, 1, 0, 1, 0, 1, 0, 0, 1, exhibiting nine runs.
Inventor C has the following sequence of patents per year:
1, 0, 1, 1, 0, 0, 1, 0, 0, 1, exhibiting seven runs. For five
patents over 10 years, the expected number of runs is six,
and the probabilities of other values can be calculated
directly (Brownlee, 1965, pp. 225–226; Lehmann &
D’Abrera, 1975, p. 314). Inventor A’s three runs has 0.03
probability, being too few runs and indicating a nonrandom initial surge pattern. Inventor B’s nine runs also
has 0.03 probability, being too many runs and indicating
a non-random consistent pattern. Inventor C’s seven runs
has probability 0.19, indicating a random pattern. Yet
another example is to consider the same sequences above
as coin-tossing, with the 1s and 0s representing heads and
tails.
The generalized runs test requires two-value input data.
In this analysis, the two values were determined by
whether or not the number of patents in each year exceeded the inventor’s average yearly production. For most
of these inventors, when the observed number of runs
differs from the expected value by 20%, the probability
drops below 0.10. This is equivalent to having about 10%
of the years with above average patents being moved
either adjacent to another above-average year, or being
separated from a previously-adjacent above-average year.

JOURNAL OF THE AMERICAN SOCIETY FOR INFORMATION SCIENCE—April 15, 1998

8n3a

/ 8n3a$$1113

02-09-98 17:11:38

jasa

W: JASIS

1113

473

This is clearly a common occurrence in the course of a
career. Having twice as many such deviations may be
judged to be a strong indication of non-randomness and,
for most of the inventors in these samples, results in the
probability dropping below 0.025. Thus, a randomness
selection criterion of 0.025 is reasonable.
The distribution of patents was tested for goodnessof-fit to the Poisson distribution by the Chi-Square
method (Rice, 1995, pp. 299–310). For most of these
inventors, moving 20% of his or her patents into an adjacent year that already contains a patent (or moving them
out) causes the probability to drop below 0.10. This is
clearly a common occurrence in the course of a career.
Having twice as many such deviations may be judged to
be a strong indication of non-Poisson-ness and, for most
of the inventors in these samples, results in the probability
dropping below 0.025. Thus, a goodness-of-fit selection
criterion of 0.025 may be reasonable. The Poisson distribution also describes a number of other common processes, including radioactivity, automobile traffic, occurrence of telephone calls, and occurrence of accidents
(Rice, 1995, p. 43–44), which are all discrete events
without negative values.

Results

Informetric Behavior
As mentioned above, the sample has many inventors
with few patents and few inventors with many patents.
The cumulative distribution of patents over inventors is
shown in Figure 1. This highly-skewed distribution was
also observed by many other studies (Nicholls, 1986; Pao,
1986; Price, 1963, p. 40; etc.) for published scientific
papers. It is not surprising that the output of inventors
should have the same skewed distribution as shown by
others (Narin, 1994; Narin & Breitzman, 1995; Shockley
1957). It is variously named the Pareto, Zipf, and Zeta
distribution, and is also used to describe distributions of
individual incomes, word frequency, machine reliability,
city size, and many other phenomena (Johnson, Kotz, &
Kemp, 1993, pp. 465–471). As mentioned in the introduction, it has been shown that the general empirical laws
(Lotka, Price, Pareto, Zipf) of informetrics are related.

Selected Inventors
Clearly, inventors with just one patent cannot be examined for randomness, or fit to a Poisson distribution or
Cumulative Advantage. Even for inventors with a career
duration of 4 years, almost half of them exhibited a time
pattern of 1, 0, 0, 1 which is not very satisfactory for
such tests. Therefore, only inventors with career durations
of 5 years or more were selected for further analysis.
There were 70 inventors meeting these criteria.
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FIG. 2.

Distribution of Poisson parameter.

Discussion

For a test statistic of 0.025, 100% of the inventors
exhibited random runs, and 97% (68/70) had time patterns of production that fit the Poisson distribution. This
means the Poisson parameter was stable over the inventors’ career covered by the 21-year time interval. Thus,
there is no significant evidence of Success-Breeds-Success or Cumulative Advantage for this sample. This conclusion should not be taken to extend to other samples,
domains, and fields. All it does is demonstrate that these
conclusions can be arrived at by the direct analysis of a
reasonable number of authors.
A natural question is whether there is a small effect.
Schubert and Glanzel (1984) calculated a small Cumulative Advantage coefficient of 3–5% per year. However,
those results were obtained from distribution parameters
estimated from a goodness-of-fit test of a three parameter
model and did not use time pattern information. For a
comparison using time pattern information, the yearly
productions of the inventors with 10 years of data were
added together and fit with a regression line. The slope
was 00.013 with standard error of 0.017, t-statistic of
00.77, and p Å 0.46, indicating no significant Cumulative
Advantage. Many authors (McCrae, Arenberg, & Costa,
1987; Horner, Rushton, & Vernon, 1986; Simonton, 1997;
Stephan & Levin, 1992; and others) have made extensive
studies of age and production, and have found a general
curvilinear trend (upwards in early adulthood and declining after middle age), but the trend only explains 7–
10% of the variance of yearly production. These analyses
detected no general upwards trend. Simonton (1997) offers specific analysis refuting the Cumulative Advantage
principle.
The distribution of the Poisson parameter for this sample is shown in Figure 2 as vertical bars. The skewed-right
shape resembles the Gamma distribution, and maximum
likelihood estimates of the parameters were calculated by
standard methods (Johnson, Kotz, & Balakrishnan, 1994,
pp. 360–365). The estimated distribution is plotted as a
broken line. Chi Square Goodness-of-Fit test confirms
the Gamma model fits the distribution of rate over the
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population at p Å .018. Thus, the Gamma distribution
can be supported by the direct analysis of a reasonable
number of authors. Similarly, the uniform distribution is
rejected at p Å .54. This large difference in goodnessof-fit lends strong support to the non-uniform giftedness
model. If the contrast were not so marked, it is obvious
that a mixture of models can also be tested for goodnessof-fit. This conclusion should not be taken to extend to
other samples, domains, and fields. All it does is demonstrate that these conclusions can be arrived at by the direct
analysis of a reasonable number of authors.
The author is indebted to an anonymous reviewer who
cautioned that lacking an observable increasing rate does
not necessarily lead to rejecting the Cumulative Advantage model. There may be debilitating processes that offset Cumulative Advantage. Some examples of debilitating
processes are—Declining physical and mental powers
with age, senior faculty being drawn on for administrative
roles, transition from journal articles to books.
Conclusions

Many informetric processes, especially the distribution
of papers across authors, arise from the interaction of two
or more component processes. The goodness-of-fit of a
model’s mathematical function to the author–paper production distribution is a necessary, but not sufficient condition for acceptance. Since it has been shown that a
number of different models have adequate goodness-offit to the empirical laws, it is important to distinguish
between the candidate models on more than goodnessof-fit to the distribution of papers across authors.
This article has shown that the method of time pattern
of publication for individual authors can be used to discriminate between Cumulative Advantage and non-uniform giftedness models. Furthermore, each component
distribution can be tested independently and directly,
without needing to include assumptions about the other
component distributions.
In general, historic data sets have not collected time
pattern data, and so this technique often cannot be used
retrospectively. However, since many of these legacy data
sets are not random samples and/or their methods may
be suspect (Pao, 1985), their applicability is questionable
anyway. An important part of any empirical method, including time pattern analysis, is to ensure a random sample is being studied. The effort to create an appropriatesized random sample is not excessive. The sample in this
study was created in less than 30 hours.
The generality of the model described by Burrell and
Fenton (1993) makes it clear that wide varieties of distributions of production should be the norm, rather than the
exception. For an active population of contributors, there
are two component distributions. One is the consistency
of individual production, shown here to be Poisson for
inventors. Another is the distribution of individual capacity, shown here to be Gamma for inventors. Of the many

possible explanations for the discrepancies in empirical
studies, an important candidate is the distribution of individual capacity. Thus, deviations from Lotka’s law, assuming random samples and other correct procedures,
may be caused by differences in the component distributions. As shown in this article, the component distributions can be, and should be, examined independently,
thereby deriving their shapes directly from the time pattern of production.
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