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Abstract
Many studies have examined concentration of author productivity, using various

concentration measures. However, most studies are irrelevant in that they do not consider
the sample size dependency of measures. In this article, taking into consideration the
sample size dependency, we compare five different domains in terms of two aspects, i.e.,
concentration in the whole productivity distribution and behavior of core authors in the
domain.

Research
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1. Introduction
In this article, we compare five different domains in

terms of concentration of author productivity,
measured by the number of papers written by each
author. Taking into consideration the sample size
dependency of measures, we describe the
characteristics of author productivity in terms of two
aspects, i.e., concentration in the whole productivity
distribution, and behavior of core authors in the
domain.

The survey of actual states concerning such
bibliometric phenomena as the publication of journals
and the performance of researchers, which is based on
bibliographical information sources, has been one of
the main themes in library and information sciences.

Various bibliometric measures have been proposed for
various purposes and from various viewpoints (cf.,
Kishida, 1996). Among concentration measures for
bibliometric distributions, Pratt's measure C (Pratt,
1977) is well-known. There are many studies that have
applied C or other concentration measures (e.g.,
Egghe, 1988a; 1988b). However, most of these are
irrelevant in that they do not consider the sample size
dependency of measures. In our previous study
(Yoshikane, Kageura, & Tsuji, 2003), we introduced
two types of concentration, namely absolute
concentration and relative concentration, and proposed
a useful method for comparing author productivity
concentration on the basis of different samples of
different sizes.



This study applies the method observing the
developmental profiles of measures for increasing
sample size, which is shown in Yoshikane et al.
(2003). Moreover, we focus on "relative"
concentration (inequality) in author productivity
distributions, and use two different measures of
relative concentration. Using one measure, we
examine the tendency of the whole domain, while
using the other, we examine that of core researchers,
whose behavior is said to be independent of that of the
other researchers in the domain (cf., Pao, 1986;
Yoshikane & Kageura, 1999). We aim to describe the
characteristics of author productivity in greater detail
in terms of these two aspects. The target domains in
this study are information processing, electrical
engineering, architecture, polymer science, and
biochemistry. We chose these domains as
representatives of computer sciences, electrical
engineering, civil engineering, chemistry, and biology,
respectively.

This article is organized as follows. In Section 2, we
elucidate the concept of "concentration" to be
evaluated in this study, and describe the characteristics
of concentration measures. In Section 3, we discuss
the peculiarity of author productivity data, that is, the
sample size dependency of statistical measures. We
then explain our samples for examining concentration
of author productivity. Lastly, in Section 4, we
illustrate the results of our experiments comparing the
author productivity concentration of the five domains.

2. Concentration in Author Productivity
Distributions
2.1 The Concept of Concentration and
Inequality

Many measures of concentration have been
proposed (e.g., Herfindahl, 1950; Theil, 1967;
Atkinson,1970; Ray & Singer, 1973). However, the
concept of concentration has not been clearly defined.
Egghe and Rousseau (1991) have pointed out that
proposed measures are thrown into a typical circular
reasoning: "The notion of concentration is defined
through the value of a measure used to measure
concentration." Yoshikane (2000) redefined two types

of concentration, namely relative concentration and
absolute concentration. The former implies a relative
inequality in distributions, while the latter refers to an
absolute scale of distributions. In this study, by
evaluating "relative" concentration (inequality) of
productivity〔1〕, we aim to examine the variety of
researchers' activity in the domain.

Egghe and Rousseau (1991) proposed some
principles that any concentration measure must satisfy.
Strictly speaking, since the number of events, which
measures the absolute scale of distributions, is not
taken into account, these principles apply to relative
concentration rather than general concentration
(Yoshikane, 2000). The proposed principles are as
follows:

(1) When every event (e.g., author, in the case of
author productivity data) appears with equal
frequency, a concentration measure must have the
value 0.

(2) For every permutation of the labels of events, the
value of a concentration measure must be invariant.

(3) Even if the frequency is multiplied by h(>0) for
every event, the value of a concentration measure
must be invariant.

(4) When we subtract h(>0) from the frequency of a
more frequent event and add h to that of a less
frequent event, the value of a concentration
measure must decrease.

(5) When we add h(>0) to the frequency of the most
frequent event, the value of a concentration
measure must increase.

(6) If we add h(>0) to the frequency of every event
(where not all events are equal in frequency), the
value of a concentration measure must decrease.

A concentration measure satisfying these principles
has the attribute that if one takes from the poorer (less
frequent events) and gives to the richer (more frequent
events), the value of the measure increases. That is to
say, the measure is appropriate for evaluating
inequality, and hence, suits our purpose.
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2.2 Concentration Measures
In this study, we use Pratt's measure (C) and the

coefficient of variation (CV) to evaluate inequality in
the whole productivity distribution and inequality
among core authors in the domain, respectively.

Pratt's measure:

where

The coefficient of variation:

In these formulae, V represents the number of authors
(events), pi represents the sample relative frequency of
an author ai (p1, p2, ..., pV are ordered decreasingly), σ
represents the standard deviation, and µ represents the
mean frequency. Since they satisfy the following
criteria, C and CV are desirable as measures of relative
concentration.

(i) Both measures satisfy all of the above-mentioned
principles for "relative" concentration (Egghe &
Rousseau, 1991).

(ii) Both measures are insensitive to "absolute"
concentration, i.e., the number of authors (Yoshikane,
2000).

Thus, using these two measures, we are able to
evaluate pure inequality in author productivity
distributions.

2.3 Characteristics of Concentration Measures
The sensitivity of CV is different from that of C,

though both measures are sensitive to relative
concentration. Specifically, CV has a high sensitivity to
the most frequent events (productive authors), while C
is sensitive to all events (authors) equally. Using C and

CV, this study examines the tendency of the whole
domain and that of the most productive authors in the
domain. Below, we illustrate the characteristics of the
measures by a simple simulation which is based on the
geometric expression of the Lorenz curve.

The Lorenz curve, which visually expresses the
degree of inequality, is the transition of the cumulative
relative frequency where the frequencies of events
(authors) are ordered increasingly. Two examples of
the Lorenz curve are shown in Figure 1 (lines B-A1-C
and B-A2-C). For convenience, this simulation uses
polygonal lines instead of curves. Roughly speaking,
the degree of inequality is expressed by the area
enclosed by the Lorenz curve and the diagonal line
(triangle B-A1-C or triangle B-A2-C) in the figure.
When a distribution has high inequality of frequencies,
the deflection from the diagonal line (line B-C)
becomes large; that is, the area enclosed by the curve
(the polygonal line) becomes large. The area
corresponds to Pratt's measure C as well as Gini's
index, a well-known measure in economics
(Carpenter, 1979).

Triangles B-A1-C and B-A2-C are equal in area,
because line D (0.4, 0.0) - E (1.0, 0.6) is parallel to
line B (0.0, 0.0) - C (1.0, 1.0). Therefore, the value of
C is invariant, as long as vertex A is on line D-E〔2〕.
Now, assume that vertex A moves from D to E along
line D-E. Regarding Pratt's measure C, as mentioned
above, the value is (approximately) invariant as long
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as vertex A lies on line D-E. On the other hand, the
coefficient of variation CV systematically changes
according to the location of vertex A. Figure 2 shows
the change in the value of CV in this simulation〔3〕.
From this figure, it is observed that a distribution
whose vertex A is located near E has an extremely
high value of CV. Vertex A is the point where the slope
of the Lorenz curve changes. In other words, when the
gap in terms of frequencies exists among the most
frequent events〔4〕, the value of CV becomes
extremely high. Recalling that C is invariant in this
simulation, we can confirm the high sensitivity of CV

to the most frequent events (the most productive
authors).

3. Data
3.1 The Sample Size Dependency of Statistical
Measures

Before entering into the explanation of data used in
this study, we discuss the peculiar nature of
bibliometric data to be considered while comparing
different samples of different sizes, which causes the
sample size dependency of statistical measures.

While enumerating their six principles for
concentration measures, Egghe and Rousseau assumed
that the number of events is constant. However, in the
comparative analysis based on actual bibliometric
data, including author productivity data, it is rather
rare that all samples are equal in terms of the number
of events. Even if samples are from the same
population, the number of events is expected to change

according to changes in the sample size. The sample
size dependency is due to the fact that there are many
low-frequency events (authors), and that not all the
events (authors) in the population appear in the
sample. Data of this type is called an LNRE (Large
Number of Rare Events) sample (Khumarade, 1987).

Not only the number of events but also other
measures calculated using frequencies of events
crucially depend on the sample size, so long as there
are unseen events that do not appear in the sample
(Good, 1953; Good & Toulmin, 1956; Baayen, 2001).
The coefficient of loss CL is a convenient measure by
which the reliability of data, as a sample, is checked.
CL gives the ratio of loss of the estimated number of
events calculated using the sample relative frequencies
as the estimates of population probabilities against the
empirical number of events in a sample (Chitashvili &
Baayen, 1993). Assuming the binomial model, CL is
calculated by:

where
f(i,N): frequency of an event (author) ei in a sample of
size N.
p(i,N) (=f(i,N)/N): sample relative frequency.
V(m,N): the number of events appearing m times
(authors who have each published just m papers).

When the coefficient of loss CL is large, most
statistical measures, including Pratt's measure C and
the coefficient of variation CV, systematically change
according to changes in the sample size (Tweedie &
Baayen, 1998). It is a typical peculiarity of LNRE
samples that CL is large. As for bibliometric data, for
instance, Kageura (1998) have shown that the author
productivity data has a large CL.

Thus, in applying sample size dependent measures
to author productivity data, we should carefully restrict
the scope of interpretation to the "population" that a
given "sample" constitutes by itself. We must not
generalize the interpretation beyond the restricted
population. If we are to describe the characteristics of
what is beyond a given sample (e.g., the characteristics
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of a whole domain, not that of data sampled from it),
we need a statistical framework within which the
dynamics of measures can be properly considered.

3.2 Samples
We extracted samples from a bibliographic

database, the NACSIS database of academic
conference papers, which had been provided by the
National Institute of Informatics, Japan〔5〕. The
records of conferences hosted from 1992 to 1997 by
the following academic societies were extracted:
Information Processing Society of Japan; Institute of
Electrical Engineers of Japan; Architectural Institute
of Japan; Society of Polymer Science, Japan; and
Japan Society for Bioscience, Biotechnology, and
Agrochemistry. We regard these as the data sampled
from the entire data in each of the five domains (i.e.,
information processing, electrical engineering,
architecture, polymer science, and biochemistry), and
use these "samples" to compare the five domains in
terms of author productivity concentration. The
author-paper relation in the data is regarded as an
indication of author productivity.

While dealing with the author-paper relation, we
cannot avoid the issue associated with multiple
authorship. This study credits each collaborating
author with a full contribution, and it regards the total
frequency of authors as the number of papers〔6〕.
This is because our aim is not to evaluate researchers'
contributions accurately〔7〕, but to compare domains
from the viewpoint of the amount of each researcher's
activity, which is represented by the occurrence of
names in the conference papers. So, in the following
statistical arguments, the sample size refers to the total
frequency of authors in a sample.

Table 1 shows the basic quantities of each sample,
i.e., the total frequency of authors (N0), the number of

authors in a sample of size N0(V(N0)), and the
coefficient of loss (CL).

CL is shown in order to illustrate that our samples
are statistically insufficient. In all the domains, except
architecture, CL exceeds 0.2. This means that the
number of authors is underestimated by more than
20% if the population probabilities are estimated by
the sample relative frequencies. In the data on
architecture, CL is smaller but far from negligible.

Besides, Table 1 gives Pratt's measure (C(N0)) and
the coefficient of variation (CV(N0)) at the original
sample size N0 for each domain. Among the five
domains, polymer science has the highest value for
both C(N0) and CV(N0). That is, in polymer science,
not only inequality between core authors and
peripheral authors but also inequality among core
authors is large. As for the remaining domains, i.e.,
information processing, electrical engineering,
architecture, and biochemistry, a negative correlation
between the two measures is observed.

Like this it is possible to compare the "samples" on
the basis of the values shown in Table 1. However, we
must recall that most measures, including C(N) and
CV(N), depend on the sample size N when CL is large.
That is to say, these results are no more than of a
comparison of the original samples themselves.
Therefore, we cannot generalize the characteristics of
the whole of each domain from the results of a
comparison based on limited samples (i.e., the data of
the papers from 1992 to 1997 in each academic
conference).

4. Analysis
4.1 Methodology

In the previous section, we have shown that our
samples are belong to an LNRE sample, where
statistical measures change systematically, not
randomly, according to changes in the sample size.
Therefore, we cannot directly compare the
characteristics of the populations on the basis of the
values of measures that are calculated from the
samples themselves.

There are two approaches that can be used for
comparative analysis on the basis of LNRE samples.
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TABLE 1. Comparison of the original samples.

N0 V(N0) CL C(N0) CV(N0)
Information Processing 79372 24271 0.225 0.562 2.112
Electrical Engineering 75685 25230 0.241 0.557 2.196
Architecture 166941 27143 0.159 0.640 2.065
Polymer Science 76413 16812 0.213 0.659 2.764
Biochemistry 71974 21315 0.229 0.582 2.070



The first is to adopt sample size invariant measures.
For example, Yule's characteristic constant K (Yule,
1944) is well-known as a sample size invariant
measure (Yoshikane & Kageura, 1999). The second is
to normalize the sample size by taking random sub-
samples of the larger samples, or tracing the
"developmental profiles" of measures and examining
their features in their totality (Yoshikane, Kageura, &
Tsuji, 2003). The former approach is useful, but
problematic in that there are very few measures that do
not depend on the sample size. At least as for
concentration in the whole productivity distribution,
we have been unable to find a proper sample size
invariant measure, which is sensitive to all events
(authors) equally. As mentioned above, Pratt's measure
C as well as the coefficient of variation CV depends on
the sample size.

Thus, in this study, we take the latter approach. We
carried out 1,000 random Monte-Carlo sub-samplings
of the original samples for 20 equally-spaced intervals
in order to observe the change in each measure. We
aim to describe the characteristics of the domain itself
beyond the given sample size by observing the
developmental profiles of the two measures, C(N) and
CV(N).

4.2 Results
Concentration in the Whole Productivity Distribution

Figure 3 plots the developmental profiles of Pratt's
measure C(N) obtained by the random Monte-Carlo
sub-samplings. In all the domains, it is observed that
C(N) increases systematically according to growth in
the sample size N〔8〕. The figure implies that when
we compare different samples of different sizes, the
result, unfortunately, varies with the sample size of
each domain. For example, comparing architecture and
biochemistry at the same sample size, the former has
lower values than the latter. Contrary to this, while
comparing their original samples on the basis of
C(N0), architecture is placed higher than biochemistry
(see Table 1). It should be noted that this is due to the
original sample size of architecture, which is twice as
large as that of biochemistry.

Upon normalizing the sample size, we clearly

observe that polymer science has the highest values of
C(N) among the five domains. That is to say,
inequality between core authors and peripheral authors
is large in this domain. Polymer science is followed by
biochemistry and architecture. Information processing
and electrical engineering have the lowest values of
C(N). Judging from the correspondence between
information processing and electrical engineering in
Figure 3, we can say that with regard to concentration
in the whole productivity distribution, the two domains
are almost equal.

Behavior of Core Authors in the Domain
The coefficient of variation CV(N) is plotted in

Figure 4 in the same way that C(N) is plotted in Figure
3. It is observed that CV(N) as well as C(N) changes
according to changes in the sample size N.

Tracing the developmental profiles in Figure 3, we
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FIG. 3. Change of the values of Pratt's measure C(N).

FIG. 4. Change of the values of the coefficient of variation CV(N).



can observe that, whatever sample size we take,
polymer science is much higher than the other
domains for the coefficient of variation CV(N) just as it
is for Pratt's measure C(N). That is, not only the
inequality between core authors and peripheral authors
but also that among core authors is large in this
domain. Polymer science is followed by electrical
engineering, biochemistry, and information
processing. Architecture has the lowest value of CV(N)
whatever sample size we take. In the comparison of
the five domains on the basis of CV(N) at the same
sample size, the degree of concentration exhibits the
following descending order: polymer science,
electrical engineering, biochemistry, information
processing, and architecture. Biochemistry and
information processing are relatively close to each
other.

Overall Observations
In order to visualize the characteristics of the five

domains more clearly, we plotted the pattern of
domain characteristics at the same sample size in
Figure 5. Figure 5 shows four snapshots of the pattern
at the sample size N = 10,000, 30,000, 50,000, 70,000.
In Figure 5, at any sample size, common features are
observed, i.e., polymer science exceeds the other
domains both in Pratt's measure C(N) and in the
coefficient of variation CV(N), information processing
and electrical engineering have the lowest values of
C(N), architecture has the lowest values of CV(N), and
biochemistry is located at the center of the five
domains.

It is interesting to see that a positive correlation
between the two concentration measures is not
necessarily observed. For instance, with regard to
CV(N), architecture has the lowest values among the
five domains. As for C(N), on the other hand,
architecture ranks higher than information processing
and electrical engineering.

Recalling the characteristics of C(N), we can
assume that the three domains located lowest in Figure
5 (i.e., information processing, electrical engineering,
and architecture) are similar with respect to the "mass"
behavior of authors, i.e., in these domains their

productivity patterns are more homogeneous.
Regarding architecture, which has the lowest values of
CV(N), the productivity patterns of core authors are
also homogeneous. Contrary to architecture, polymer
science, which is located in the upper right-hand
corner of Figure 5, is a domain where both the mass
behavior of authors, including peripheral ones, and the
behavior of core authors are heterogeneous.

5. Conclusions
In this article, we compared the author productivity

concentration of the five domains, taking into
consideration the sample size dependency of
measures. By observing the transitions of Pratt's
measure and the coefficient of variation according to
changes in the sample size, we have analyzed (1)
concentration in the whole productivity distribution
and (2) behavior of core authors in the domain.

The characteristics of each domain shown in our
analysis can be summarized as follows. Polymer
science shows higher concentration both in mass
behavior and in the behavior of core authors.
Information processing and electrical engineering are
more homogeneous in terms of mass behavior, while
architecture is more homogeneous in terms of the
behavior of core authors. Biochemistry ranks at an
intermediate level in terms of author productivity
concentration. The behavior of core authors is not
necessarily correlated with the "mass" behavior of
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FIG. 5. Comparison of the five domains by C(N) and CV(N).



authors, including peripheral ones. From this result,
we can confirm the independency of core researchers
in the domain.

Note

〔1〕We use "relative concentration" and "inequality"
interchangeably.

〔2〕Pratt's measure C is approximately, but not completely, equal
to Gini's index, which is calculated on the basis of the area
enclosed by the Lorenz curve. Therefore, to be precise, C is
not completely, but approximately invariant on this condition.

〔3〕This simulation is carried out under the condition that the
number of events is 100 and that the total frequency is
10,000.

〔4〕As the frequencies of events are ordered "increasingly" in the
Lorenz curve, the most frequent events appear near E.

〔5〕After 2003,  it is provided by the Japan Science and
Technology Agency.

〔6〕Incidentally, Lotka (1926) as well as Pao (1986) uses the first
author only.

〔7〕For the purpose of evaluating their contributions accurately, it
may be better to use an "adjusted count" (Lindsey, 1980;
1982), which credits each collaborating author with some
weight according to the number of co-authors. However, an
adjusted count produces decimal fractions in the count data
and makes the manipulation of the data technically and
conceptually much more difficult.

〔8〕According to Pratt (1977), C is independent of both the
number of sources (e.g., authors) and that of items (e.g.,
papers). Even though C is a measure that is normalized
between 0 and 1 without regard to the number of papers, it
actually depends on the number of papers, i.e., the sample
size, as shown here.
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