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The objective of this article is to further the study of
journal interdisciplinarity, or, more generally, knowledge
integration at the level of individual articles. Interdisci-
plinarity is operationalized by the diversity of subject
fields assigned to cited items in the article’s reference
list. Subject fields and subfields were obtained from
the Leuven-Budapest (ECOOM) subject-classification
scheme, while disciplinary diversity was measured
taking variety, balance, and disparity into account. As
diversity measure we use a Hill-type true diversity in the
sense of Jost and Leinster-Cobbold. The analysis is con-
ducted in 3 steps. In the first part, the properties of this
measure are discussed, and, on the basis of these prop-
erties it is shown that the measure has the potential to
serve as an indicator of interdisciplinarity. In the second
part the applicability of this indicator is shown using
selected journals from several research fields ranging
from mathematics to social sciences. Finally, the often-
heard argument, namely, that interdisciplinary research
exhibits larger visibility and impact, is studied on the
basis of these selected journals. Yet, as only 7 journals,
representing a total of 15,757 articles, are studied, albeit
chosen to cover a large range of interdisciplinarity,
further research is still needed.

Introduction

Scientometric Studies of Interdisciplinarity in Research

For quite some time, diversity has been a controversial
concept, mainly due to many possible interpretations
(Hurlbert, 1971; Zitt, 2005). As such it is in the company of
other important, but not precisely defined concepts, such as
impact, relevance, and inequality. Such concepts have been
in use in many fields, including information science. Various
indicators have been proposed to measure diversity from
different perspectives (Magurran, 2003; Rousseau & Van
Hecke, 1999). Evenness of distribution and number of dif-
ferent species are generally considered as its two main
dimensions. Stirling (2007) proposed to include disparity in
the network structure for a more precise concept of diversity,
leading to the Rao-Stirling diversity measure. However,
according to Leydesdorff and Rafols (2011), the Rao-
Stirling diversity measure does not provide convincing
results in their study on the interdisciplinarity of journals,
where they compared network indicators (betweenness cen-
trality), unevenness indicators (Shannon entropy, Gini coef-
ficient), and Rao-Stirling measures. As seen in the study by
Zhou, Rousseau, Yang, Yue, and Yang (2012), the Rao-
Stirling measure showed only low discriminatory power
since values, at least in their work, sometimes differ only by
the third decimal (in their table 11). This result confirmed
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the aforementioned observation made by Leydesdorff and
Rafols. The reason why a Rao-Stirling measure does not
produce acceptable results is given below.

Porter, Roessner, Cohen, and Perreault (2006) claimed
that a specific citation-based measure of interdisciplinarity
is still missing. Yet considering recent developments dis-
cussed further, we do not think this statement still holds.
Leydesdorff (2007) experimented with betweenness central-
ity as an indicator of the interdisciplinarity of journals.
Zhang, Glänzel, and Liang (2009, 2010) applied the entropy
indicator to measure how far cross-citation links are spread
among other journals, and compared the result with “cen-
trality” measures. The authors found a clear divergence
between strongly interlinked and high-entropy journals.

Rafols and Meyer (2010) provided a framework for the
study of interdisciplinarity, where interdisciplinarity is
understood as knowledge integration. This notion of inter-
disciplinarity came from the following definition of the
National Academies of the USA:

Interdisciplinary research is a mode of research by teams or
individuals that integrates information, data, techniques, tools,
perspectives, concepts and/or theories from two or more disci-
plines or bodies of specialized knowledge to advance funda-
mental understanding or to solve problems whose solutions are
beyond the scope of a single discipline or area of research
practice (National Academy of Sciences, 2004, p. 26).

Rafols and Meyer (2010) combined the idea of diversity
with network coherence, resulting in a corresponding visu-
alization on the basis of graphs. These methods were illus-
trated by a case study in the field of bio-nanoscience. Their
ideas were generalized by Liu, Rafols, and Rousseau (2012),
making them applicable to a larger framework in which
integration of knowledge is understood not only as integra-
tion of knowledge originating from different disciplines, but
also from different times, different regions, different schools
of knowledge, etc.

Sketch of the Research Line of the Present Study

The starting point of our research and the main research
questions resulting therefrom are now briefly summarized.
First, our operationalization of the notion of diversity is
based on the references of articles. More precisely, we
assign each cited article or conference paper (omitting other
types of publications, and references not indexed in the Web
of Science) to one of the subfields according to the Leuven-
Budapest classification scheme (Glänzel & Schubert, 2003).
In the second step, we apply a diversity measure to gauge the
diversity of cited literature of each individual article among
these subject categories. This approach is different from that
used in our previous studies (Zhang et al., 2009, 2010)
where we measured diversity of individual journals based on
the diversity of their cited/citing journals. Most important,
following Jost (2006, 2007, 2009) and Leinster and Cobbold
(2012), we oppose the use of measures such as the Shannon
entropy and the Rao-Stirling measure, and use their

Hill-type numbers. In particular, we will analyze the suit-
ability of a distinguished family of measures to be used in
the context of the analysis of interdisciplinarity. In order to
be able to do so, we interpret interdisciplinarity as a kind of
diversity and will first shed light on the mathematical back-
ground of measuring several aspects that are usually associ-
ated with diversity, namely, variety, balance, and disparity.
The first group of measures does not take disparity into
account; properties are briefly discussed. This is followed by
a discussion of the properties of a broader family of mea-
sures according to Leinster and Cobbold, which generalizes
the Rao-Stirling diversity and, in contrast to the previous
measure, does take disparity into account. A special case of
this measure, obtained by a special parameter choice, is
related to, but different from, the Rao-Stirling measure and
has the potential to serve as an appropriate measure of
interdisciplinarity.

In the second part this appropriateness will be checked in
a case study. The suitability of the diversity measure will be
illustrated using the example of selected journals taken from
several research fields. As a novelty, measures of journal
interdisciplinarity are not determined at the aggregation
level of journals but at the level of individual papers. The
scientometric groundwork of the analysis is the thematic
structure of the references of each document.

The last question refers to an often-heard argument that is
actually already a commonplace: Interdisciplinary research
is addressed to broader communities consisting of scientists
from several research fields and must therefore have larger
visibility and more impact. In the third and last part, we
analyze citation impact as a function of interdisciplinarity
(measured by the diversity measure introduced in the math-
ematical part). The same set of journals will be used for this
analysis too.

Part 1: Mathematical Background of
Diversity Measures

Measuring Diversity Without Taken Disparity Into Account

Consider an array of N non-negative numbers, represent-
ing abundances of items over cells, such as the number of
articles of a given scientist published in different journals. In
ecology, cells can be different species and their abundances
in a specified region. We are interested in measuring the
diversity of items over cells. One may or may not include
empty cells. Empty cells may occur when the cells are given
in advance, for example, when one wants to study, the diver-
sity of publications on a certain topic in a given year by the
28 member states of the EU. In this case, cells are the 28
states and one may imagine that in certain years small coun-
tries such as Luxembourg, Malta, or Cyprus do not have
publications on certain topics. Then the corresponding cells
remain empty. If, however, an array of cells is given merely
based on observations, then, by definition, empty cells may
not occur.

It was pointed out that the Lorenz curve represents
evenness, and hence is replication invariant (Nijssen,
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Rousseau, & Van Hecke, 1998). This means that, for
example, the Lorenz curves of the arrays (5,2,1) and
(5,5,2,2,1,1) coincide. Thus, all measures derived from the
standard Lorenz curve do not take the number of cells into
account.

Jost (2006, 2007, 2009) claims that most measures used
to study diversity do not capture the intuitive notion of
diversity. Such measures include the Simpson diversity
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cell i (for instance: a field, journal, or species). Indeed,
suppose an author wrote 10 articles with equally long ref-
erence lists with the same abundances as measured by
cited journals and suppose all references are different. No
journals are shared between any of the articles. In order to
make this example somewhat more concrete, let
R = (5,3,1,1) refer to the reference list of one article, that
is, one journal is referred to five times, another one three
times, and two other ones just once. The corresponding
array for the total of 10 articles consists of 10 times a 5, 10
times a 3, and 20 times a 1. What is the relation between
the diversity of used references in one article and in the
group of 10 articles? The intuitive answer is that the diver-
sity in the group of 10 articles is 10 times larger than that
of one article. Calculating the diversity with the Simpson
index gives 0.64 for one article and 0.964 for 10; using the
Shannon entropy measure gives 1.16828 for one article
and 3.47087 for 10 (this example is adapted from Jost,
2009). He proposes the following Hill-type (Hill, 1973)
measures as “true diversities”:
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from, the Simpson measure. Calculating diversity of the
example just given with this measure (q = 2) yields a value
of 2.778 for one article and 27.78 for 10.

Jost (2009) points out that a true diversity should satisfy
the following six requirements. These are formulated for
species but apply, of course, for any type of cells. In our
application cells will be subject fields and subfields.

1. Symmetry: A diversity function is symmetric in its
arguments.

2. Zero output independence (expandability): Adding a
species with zero abundance does not change the total
diversity.

3. Transfer principle (Dalton, 1920): Transferring a unit
abundance from a rare species to a more common one
should decrease diversity.

4. Homogeneity (scale invariance): Diversity depends only
on relative frequencies and not on the absolute abun-
dances of species.

5. Replication principle: Suppose m communities have iden-
tical sets of species abundances, but no species are shared
between any of the communities. All m communities nec-
essarily have the same diversity D0. Suppose we pool all
m communities. Then the diversity of the m pooled
equally diverse, equally large, completely distinct com-
munities must be m·D0.

6. Normalization. If the diversity measure is applied to N
equally common species, its value is N.

The Hill-type true diversities satisfy these six require-
ments. The main point of this discussion is that only when
working with true diversities does it make sense to discuss
diversity in terms of ratios or percentages. For instance, only
then does it make sense to state that diversity has doubled.

Measuring Diversity Taking Disparity Into Account

Stirling (2007) and Leinster and Cobbold (2012) pointed
out that the notion of diversity has three components:
variety, balance, and disparity. Each of them, considered
separately, is necessary but not yet sufficient to measure
diversity in an adequate manner. Neglecting one of these
three aspects may distort the final assessment of diversity.

Variety is the number of nonempty categories to which
system elements are assigned. In particular, it is the answer
to the question: How many types of things do we have? In
information science it may be the answer to the question: In
how many different journals has this author published?
Assuming that all things are equal, the greater the variety,
the greater the diversity.

Balance is a function of the pattern of the assignment of
elements across categories. It is the answer to the question:
What is the relative number of items of each type? Balance
is also called evenness (in ecology) and concentration (in
economics). Evenness can be represented by the Lorenz
curve (Nijssen et al., 1998). The Gini index is a well-known
concentration or evenness measure (actually if G denotes the
Gini concentration measure, then g = 1-G is the correspond-
ing measure of evenness). In information science one may
consider, for instance, how many articles an author has
published in each journal. All else being equal, the more
balanced the distribution, the larger the diversity.

Disparity refers to the manner and the degree in which
things may be distinguished. It is the answer to the question:
How different from each other are the types of things that we
observe? For instance, publishing only in library and infor-
mation science (LIS) journals shows less disparity than pub-
lishing in LIS and management and economics journals. All
else being equal, the higher the disparity, the greater the
diversity.

Mathematically speaking, variety is a positive, natural
number as categories are numbered in sequence; balance is
a function of fractions summing up to one, and disparity is a
function of a matrix of distances (or similarities).
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The problem now is how to find a single index that can
aggregate properties of variety, balance, and disparity in a
meaningful way and without much loss of information. The
term meaningful includes, among others, notions such as
sensitivity to changes, perspective, and context. Stirling
(2007) mentions a set of 10 requirements and notes that a
single index cannot satisfy all these requirements. He sug-
gests the following index as a good compromise. This index,
denoted as Dα,β, is defined as:
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where there are N cells, pi and pj are the proportions of items
in cells i and j, respectively, and dij is the degree of difference
(disparity) attributed to the elements i and j; finally, α and β
are positive exponents. Yet in their study on interdisciplin-
arity, Rafols and Meyer (2010) take α and β both as equal to
1; this yields Rao’s quadratic entropy measure (1982):
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Rao describes this index as the expected dissimilarity
between two individuals selected randomly with replace-
ment, where dij is the dissimilarity (not necessarily a dis-
tance measure) between species i and j. If there is only one
cell, D is set equal to zero.

Unfortunately, in the same way as the Simpson index is
not a true diversity, Rao’s quadratic measure (a generaliza-
tion of the Simpson index) is not a true diversity when
disparity is taken into account. A measure which does
(Leinster & Cobbold, 2012) is:
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where S = (sij) is a similarity matrix. For the similarities sij

we assume that sii = 1 for all i and 0 ≤ sij = sji ≤ 1. Again, we
will only use the case q = 2, leading to:

2

11

1

1

1
D p s p

s p p

S
i ij j

j

N

i

N

ij i j
i j

n=
⎛
⎝⎜

⎞
⎠⎟

⎛
⎝⎜

⎞
⎠⎟

=
==

−

=

∑∑
∑
,

(5)

These qDS measures have the following properties, subdi-
vided into groups of three (Leinster & Cobbold, 2012):

A. Partitioning properties
1. Effective number: the diversity of a community of N

equally abundant, totally dissimilar species is N.
2. Modularity: suppose that the community is partitioned

into m subcommunities, with no species shared
between subcommunities, and with species in different
subcommunities being totally dissimilar. Then the

diversity of the community is entirely determined by the
sizes and diversities of the subcommunities.

3. Replication: if, moreover, these m subcommunities are of
equal size and equal diversity, D0, then the diversity of
the whole community is m·D0.

B. Elementary properties
4. Symmetry: diversity is unchanged by the order in which

the species happen to be listed originally.
5. Absent species: diversity is unchanged by adding a new

species of abundance 0.
6. Identical species: if two species are identical, then

merging them into one leaves the diversity unchanged.
C. Effect of species similarity on diversity

7. Monotonicity: when the similarities between species
increase, diversity decreases.

8. Naive model: when similarities between species are
ignored (sij = 0, i ≠ j), diversity is greater than when they
are taken into account.

9. Range: the diversity of a community of N species is
between 1 and N.

Proofs that qDS satisfies these properties for all q are
provided in Leinster and Cobbold (2012).

The formula for 2DS is related to, but different, from the
Rao-Stirling measure. Note the use of a similarity measure
here, while Rao-Stirling uses a disparity measure. Putting
dij = 1 − sij we see that:
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where we recall that dii = 0 for all i. 2DS is the diversity
measure we will use in the case study below. Recall that
when dij = 1 (sij = 0), we do not take disparity into account
and the Rao-Stirling measure leads to the Simpson measure,
which does not allow to talk about percentage increases or
decreases in diversity.

We would like to point out that we explicitly reject some
of the requirements proposed by Stirling (2007), such as the
normalization that in the case of one cell (only one species)
diversity should be zero. For the qDS measures the value is 1.

Part 2: Case Study

Measuring Interdisciplinarity of Journals Based on
Individual Publications

The interdisciplinarity of a publication is operationalized
by the diversity of subject classifications over the publica-
tion’s references. Measures of diversity are calculated for
each publication by classifying its references into one or
more disciplines.

As a case study, all publications in seven selected jour-
nals (for the period 2007–2011), and information about all
items in their reference lists (tracing back to 1991) were
downloaded and analyzed from Thomson Reuters’s Web of
Science (WoS). The seven selected journals were: Bioinfor-
matics, Journal of the American Geriatrics Society, Journal
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of Symbolic Logic, Journal of Differential Equations, Scien-
tometrics, Nature, and Science. The choice of these journals
was made in such a way that it includes two well-known
multidisciplinary journals (Science and Nature), two math-
ematical journals (Journal of Symbolic Logic and Journal of
Differential Equations) for which we expect a very low
degree of interdisciplinarity, two journals for which we
expect a rather high degree of interdisciplinarity (Bioinfor-
matics and Journal of the American Geriatrics Society),
and finally a journal with which we are very familiar
(Scientometrics). To avoid possible bias, publications are
restricted to “articles” and “proceeding papers,” and all
journal self-citations are excluded. This led to a total of
15,757 publications.

Several traditional “intellectual” classification schemes
are in use in bibliometric investigations, such as the 22 broad
field classification scheme of the Essential Science Indica-
tors database, the 250+ subject categories system from the
WoS and Journal Citation Reports databases. Glänzel and
Schubert (2003) proposed and later on developed a hierar-
chical scheme: the Leuven–Budapest subject classification,
with 16 major subject fields and 68 subfields. In order to
have an “appropriate” number of subjects for later analysis,
we think that this classification scheme developed at
ECOOM is neither too large nor too small. Furthermore, the
hierarchical structure of the ECOOM classification makes it
meaningful to compare results based on 68 subfields and
based on the 16 major fields.

Figure 1 presents the procedure for data retrieval. Here,
we adopted the full-counting method for the multiassign-
ment subject system. For example, if reference r is assigned
to journal i, and journal i is assigned to subfields s1 and s2,
then we counted “1” for each of the two subfields. However,
note that when we aggregate the subfields into major fields,
a de-duplication procedure was applied before the aggrega-
tion. If the two subfields s1 and s2 are both classified into the
major field M, we should only count “1” for the major field
M and not “2.”

In our study the three components of diversity are defined
as follows:

• Variety corresponds to the number of subject fields to which
references of an individual paper can be assigned. A publica-
tion will have a high variety if its references are assigned to
many different subject fields.

• Balance describes the evenness of the distribution of the
subject field classifications. A publication will have high
balance if the proportion of references is evenly distributed
across categories (e.g., three for cell biology, three for physi-
ology, and three for microbiology) and low balance if they are
unevenly distributed (10 for cell biology, one for physiology,
and one for microbiology).

• Disparity is taken into account by the distance between
subject fields the references have been assigned to.

The similarity and the disparity matrices among all
subject fields are obtained by the following steps:

1. All cross-citations between all publications indexed in the
2007–2011 volumes of the WoS are retrieved.

2. The cross-citation matrix of individual publications is
aggregated first into journal level, and then into the
subject field level through a publication-journal-subject-
field classification scheme.

3. The normalized cross-citation matrix of all subject
fields (both for major fields and subfields) is
calculated based on cosine similarity as follows:

s
c c

TC TR TC TR
ij

ij ji

i i j j

=
+

+( ) +( )

where i and j refer to subject fields (i ≠ j), cij + cji is equal
to the total number of cross-citations between subject
fields i and j; TCk denotes the total number of citations
received by subject field k (k = i, j) (from other subject
fields) and TRk denotes the total number of citations
given by subject field k (k = i, j) (to other subject fields).

4. One minus the normalized similarity is the normalized
distance, namely, the “disparity” between subject fields.

5. We set sii = 1.

Therefore, a publication will have a low disparity when-
ever the ECOOM categories in its references have high

FIG. 1. Procedure for data retrieval.
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similarities (e.g., classical physics, applied physics, and par-
ticle & nuclear physics), and high disparity if the categories
are rather distant in the cross-citation similarity matrix.

Table 1 shows the average values of the diversity based
on 2DS, respectively, for ECOOM subfields and major fields.

From Table 1 we observe that:

1. The rankings based on ECOOM subfields and major
fields clearly differ from each other. The differences are
indicated in the corresponding lists with numbers in
brackets. Notably, the Journal of the American Geriatrics
Society ranks second on 2DS using the ECOOM subfield
assignment, while in the list based on major fields, it falls
to the fifth rank. By way of contrast, Scientometrics
notably increases its ranking (a jump from the fourth to
the first place) when the subject systems change from
subfields to major fields. This indicates that the Journal of
the American Geriatrics Society is more “diverse” on the
“local” level, while Scientometrics is inclined to distribute
its references over higher “global” levels. Here, “local”
corresponds to the specific subfield assignments, and
“global” denotes the aggregated major fields scheme.
Note that Bioinformatics has a high diversity from the
“local” as well as the “global” perspective.

2. As expected, the two mathematics journals, Journal of
Differential Equations and Journal of Symbolic Logic are
listed on the end of both tables, with the lowest diversity
among all journals. Furthermore, values for the quite spe-
cialized theoretical journal in mathematical logic are even
lower than those for the somewhat more application-
oriented journal on differential equations. This result is in
line with citation characteristics in mathematics. Between
the two multidisciplinary journals, Nature seems to be
the more interdisciplinary one, no matter how this is
measured.

6. The overall values based on ECOOM subfields are gen-
erally larger than those based on major fields. This is as
expected, since the subfield assignment is much more
specific (namely, has more categories) than the major
fields scheme. Thus, for most cases, the journals are
expected to have higher “diversity” when using the sub-
fields system. However, this does not necessarily apply to
every single paper. For instance, one paper (WoS acces-
sion number UT: “000260038300044”) published in
Nature (2008) has references assigning to only two
ECOOM subfields: P5 (particle & nuclear physics, with
25 references) and G1 (astronomy & astrophysics, with
one reference) and, accordingly, is assigned to two

ECOOM major fields: P (physics) and G (geosciences &
space sciences). In the cross-citation similarity matrices
of ECOOM subfields and major fields (2007–2011), the
similarity between P5 and G1 is as high as 0.4806. The
similarity between P and G in the major field matrix is,
however, only 0.1513. This divergence of category simi-
larities leads to corresponding differences between the
two “2DS” results (1.040, based on subfields, and 1.067,
based on major fields).

Figure 2 shows the relation between 2DS as measured by
“ECOOM subfields” and “ECOOM major fields.” A best
fitting line to illustrate the general trend is added, with a
Pearson correlation of 0.79. The diversity measure 2DS is
clearly influenced by adopting different subject classifica-
tion systems. As stated before, choices of different subject
schemes may lead to different diversity results, and this on
the individual paper level, as well as on the aggregated
journal level (see the average values in Table 1).

Some Extreme Cases of “Interdisciplinarity”

Among the 15,757 papers in the seven journals under
study, the highest 2DS value (10.738, based on ECOOM
subfields) is found in an article published in Scientometrics
(Li, Ding, Feng, Wang, & Ho, 2009). The references are
relatively evenly assigned over 25 ECOOM subfields in 12
major fields. This publication exhibits the three aspects of
diversity: variety (25 categories), evenness (relatively evenly
distributed), and disparity (largely diffused over distant cat-
egories: from the natural sciences to the social sciences and
the multidisciplinary sciences). This leads to very high
values of diversity (both for subfields and major fields).
When exploring the paper from the cognitive perspective,
the described investigation aims to evaluate the global sci-
entific production of stem cell research for a 16-year period,
provides insights into the characteristics of stem cell
research activities and identifies patterns, tendencies, and
regularities that may exist in the corresponding papers.
Therefore, from both an indicator and a cognitive point of
view, this paper is indeed highly interdisciplinary.

Besides the example just given, some other kinds of
“extreme cases” were found, with interesting properties.
Some papers have remarkable values of diversity when
using the ECOOM subfield scheme; however, their “diver-
sity measures” are relatively low based on the major field
system. For instance, Feinberg, Adam W. et al. (Science,
2007, WoS UT: 000249377500039) with a 2DS subfield
value of 10.504 and a 2DS major field value of 3.808;
Wheeler, Tobias D. et al. (Nature, 2008, WoS UT:
000259090800043) with a 2DS subfield value of 9.490 and a
2DS major field value of 2.814. Such papers are typical cases
of higher interdisciplinarity on the “local” level. By contrast,
some papers are more interdisciplinary on the “global” level
than the “local” level. For example, Wadley, Lyn et al.
(Science, 2011, WoS UT: 000297787700049) has a 2DS sub-
field value of 8.401 and a 2DS major-field value of 6.341
(which is actually the highest 2DS value based on the

TABLE 1. Average values of diversity for the seven journals based
on 2DS.

Journal 2DS_Subfield 2DS_Major-field

Bioinformatics 3.424 2.318 (2)

J Am Geriatr Soc 3.379 1.753 (5)

Nature 3.311 1.952 (3)

Scientometrics 3.295 2.588 (1)

Science 3.205 1.901(4)

J Differ Equations 2.073 1.399
J Symbolic Logic 1.456 1.131
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major-fields). These extreme cases can easily be located in
Figure 2.

Part 3: Visibility Issues of
Interdisciplinary Research

Are More Interdisciplinary Papers More Cited?

This question has been studied by Larivière and Gingras
(2010), among others. Using articles published in the year
2000 they operationalized interdisciplinarity by the percent-
age of references to other WoS categories than the one to
which the article’s journal belonged. As they use the United
States National Science Foundation (US NSF) classification,
journals belong to exactly one category. Their main result is
that overall there is no correlation between interdisciplinar-
ity and the number of received citations. Yet, this result
differs between fields. Very interesting is the fact that for
most fields there is an optimal level of interdisciplinarity:
neither the least nor the most interdisciplinary articles
receive the most citations. For biomedical sciences,
however, they found a decreasing trend for the impact
according to the level of interdisciplinarity.

Now we describe our methods and results and compare
them with those of Larivière and Gingras (2010). We
counted the citations received by each paper under study,
based on a 3-year citation window starting in the publication
year. Average numbers of citations are calculated for differ-
ent levels of a paper’s diversity (Table 2). For this compari-
son, 2DS based on ECOOM subfields is used as the diversity
indicator. Since publications in the two mathematics jour-
nals have a much lower diversity compared to the other ones,
we chose different levels of diversity for these two journals
(Table 2). It is very interesting to see that the relation
between citations and diversity is rather different from

journal to journal. In the two multidisciplinary journals,
Nature and Science, the average number of citations
increases as a function of diversity, until it reaches a peak for
values in the range 4–6 (Figure 3). As an aside, we note that
Nature’s mean citation rate is always larger than that of
Science (which is in line with the two journals’ impact
factors). From Table 2, we observe that the Journal of the
American Geriatrics Society and Scientometrics have a cita-
tion behavior that is very similar to that of Nature and
Science.

Bioinformatics, as another highly interdisciplinary
journal, shows completely different citation characteristics
compared to the journals just mentioned (Figure 4). Its
average number of citations shows a decreasing trend
with increasing diversity. The two mathematics journals
tend to receive more citations along with an increase of
diversity. It seems that for an abstract-theoretical field,
such as mathematics and logic, with generally low diversity,
an increase in diversity points to a broader applicability
and hence an increase in citations. This is just a hypothesis
that should be investigated for a much larger group of
journals.

Now we would like to answer the question of to what
extent our results agree with those by Larivière and Gingras
(2010). First we note that diversity was measured in differ-
ent ways; second Larivière and Gingras give results for
disciplines, while we studied just a few journals. Hence,
differences should not be surprising. Yet we noticed, like
Larivière and Gingras, that for most fields there exists a kind
of optimal level of diversity. The journal Bioinformatics,
which we studied, although classified in the US NSF clas-
sification as a biology journal, behaves as one in the bio-
medical sciences. Moreover, our two mathematical journals
show an increasing number of citations with increasing

FIG. 2. Relation between 2DS based on ECOOM major fields and ECOOM subfields (for all papers in the seven journals under study).
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diversity, contrary to the field of mathematics as studied by
Larivière and Gingras.

Conclusion and Discussion

We claim that for diversity studies in Informetrics the
2DS is a better discriminator than the related Rao-Stirling
indicator. Although these two measures satisfy the basic
requirements for diversity measures that take variety,
balance, and disparity into account, the Hill-type indicator
2DS gives more weight to variety. In the particular case of
diversity of references, this aspect is, in our opinion, of
more importance than the other ones. We repeat here that
when measuring diversity one must be able to discuss it in

terms of ratios or percentages. That is the main reason why
the Rao-Stirling measure has low discriminatory power
and 2DS, or perhaps another one of the qDS family should
be used.

We propose the following ideas for future study:

• To compare journals that are rather multidisciplinary, such
as Nature and Science, with journals that publish real inter-
disciplinary articles. For this we need a more detailed
exploration on the article level.

• Following Larivière and Gingras, but with our operation-
alization of the notion of interdisciplinarity, perform
a broad study of the correlation between citations and
diversity.

TABLE 2. Average citations for different levels of papers’ diversity.

Journal AGs_subfield Cit_Avg Journal AGs_subfield Cit_Avg

Bioinformatics >6 5.309 Science >6 58.695
4–6 6.551 4–6 67.823
2–4 9.777 2–4 53.948
1–2 11.347 1–2 37.926

1 18.464 1 23.615
J Am Geriatr Soc >6 7.029 Scientometrics >6 3.464

4–6 7.730 4–6 4.093
2–4 6.937 2–4 4.004
1–2 6.057 1–2 3.525

1 2.313 1 3.420
Nature >6 63.915 J Differ Equations >4 3.529

4–6 82.907 2–4 3.135
2–4 67.583 1–2 2.518
1–2 43.436 1 1.310

1 35.248 J Symbolic Logic >2 1.816
1–2 1.090

1 0.808

FIG. 3. Average citations for different levels of a paper’s diversity (Nature and Science).
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