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In this paper a new approach to study science dynamics is introduced. This approach is
based in the use of Kohonen preserving topology maps, a kind of neural network. Four data
set consisting in cross-citation matrix are studied using this approach. Relations maps and
domains maps are computed for these data sets and interrelationships among journals are
studied. This approach allow to stude both, hierarchical journal structure in a given time and
evolution of relations among journals in a given time lag.

Introduction

Dynamic mapping of science literature data from Science Citation Index (SCI)
was put on the research agenda in science by Derek John de Solla Price in the
1960’s.1 For more than twelve years now, the clustering of co-citations from the SCI
as a database has been pursued for the purpose of drawing a comprehensive and
dynamic ’map’ of science in what Leydesdorff called the "Philadelphia programme"
for the study of sciences (1, p. 295). Some of the questions that this programme tries
to answer follow. What are the natural structural units of Science? How are these
structural units related to one another? How does the structure of science change
over time, on both a macro- and a micro-level?2. 3

The principle underlying citation indexing is as follows: if one paper cites an
earlier publication, they bear a conceptual relationship. The references given in a
publication link that publication to previous knowledge. In the network context,
information is reconceptualized in terms of social linkages and shared meanings.4
According to Small and Garfield citation indexes, showing millions of
interconnections annually among hundreds of thousands of scientific articles and
books, seem ideally suited for deriving natural maps of the scientific landscape. This
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is the main starting point of the network paradigm, that was flagged by Lievrouw as
one of the four research programs in scientific communications that he identified.

A great deal has been learned about science’s dynamic structure starting from the
initial papers in this investigation area. Authors working in this research field have
used various analytic units and methodologies. Thus, there are networks of authors,
references, citations, institutions and journals. Studies on different levels (i.e. word,
article, journal,..) and using different methodologies (cluster analysis, factorial
analysis, graph analysis, multidimensional scaling, ...) are found in the bibliography.
And there are even authors who have integrated multiple sources of information in
literature-based maps of science.

The results of studies carried out with the above methodologies have been used to
identify science maps,>7 maps of disciplines,8 research fronts,? scientific journal
networks,10-12 epistemic and conceptual networks,3 14 invisible colleges!S or author
networks!6 and to establish the rank of journals in a given network.17-20

Among the various units of analysis listed above, journals merit special attention
from researchers. Price strongly advocated studying the relations among journals as
the most fruitful entry point for a study of the structure and dynamics of science.?!
Journals are a central institution of science because they are the primary formal
channels for communicating theories, methods and empirical results to the readers of
those journals.22 According to Rice, using journals as the unit of analysis should
minimize a potential threat to the validity of bibliometric analyses: the individual
author’s motives for citation.22

Journal-to-journal citation data are compiled by the ISI and published in the
Jounal of Citation Reports (JCR). As a result, the references from, and citations to a
journal are given as well as their distribution over time?23 since 1974 JCR has formed
separate volume for the Science Citation Index (SCI) and the Social Sciences Citation
Index (SCCI). The tabulation of journal references to other journal titles in a cross-
citing matrix is used to derive an appropriate measure for journal interactivity and
impact within an area of science (Ref. 23, p.48). As noted above, cross-citing
matrices are analyzed by using different methodologies such as cluster analysis,
multidimensional scaling, factor analysis and others.

Leydesdorff has criticized the use of cluster analysis as the main approach to
obtaining maps of science. There are published studies in which authors obtain maps
of science at different levels by "clustering the clusters” and by overlapping maps
from different periods (Ref. 1, p. 296). However, as Leydesdorff pointed out, two
problems arise: the initial citation matrix often contains numerous missing values and
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the number of journal citations to any leading journals are usually not low.
Consequently, two journals will frequently be clustered together not because they are
similar, but because they are different from the rest of the set (Ref. 1, p. 299). These
problems have also been recognized by Narin and Carpenter, pioneers in this research
field.24 40 Following Leydesdorff it is not strange that cluster analysis yields a
‘multidisciplinary’ cluster that would be originated by the peculiar structure of the
cross-citation matrix. In addition, it must be pointed out that some authors do not
realize that journal-journal citations indicate asymmetrical relations among journals;
they then compute a correlation coefficient or mathematical variable between
citations made and received by journals to produce a forced symmetry in the original
cross-citation matrix since matrices should be symmetrical.

This paper presents a new approach for studying interrelations between scientific
journals. It uses one of the methodologies developed in a relatively recent new
scientific paradigm: the mathematical formalism based in neural networks. Kohonen
topology-preserving mapping (an unsupervised neural network methodology) is used
to study the interrelationship among different sets of scientific journals. Thus, the
main goal of this paper is exploring the use of neural networks to generate a new
kind of map of science. Before continuing it is necessary to introduce the neural
network paradigm and explain the methodology used.

Kohonen’s map algorithm
p alg

Neural networks represent a new approach to computing which is based on some
aspect of our understanding of how the brain processes information. Neural networks
are inherently parallel. They use a large number of very simple individual neurons.
These neurons are the nodes of the network (see Fig. 1). Computation is carried out
in successive cycles. In each cycle each node receives an input from other neurons. A
weight matrix (W) represents the strength of the links among the nodes. In each
cycle an activation value is obtained from the activation in previous cycles and from
the input of other nodes. Next, an output is computed from the activation value using
a given function. This output represents the contribution from a given node to other
nodes through its weight matrix. In each cycle, the state of the network is defined by
the value of the activation vector. For general introductions to neural networks see
Refs 37, 38 and 39.
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Fig. 1. Schematic representation of a single neural network processing element

The power of neural networks is derived from the possibility of learning, defined
as a change in the weight matrix. This change is necessary for the network to "solve"
certain problems. There are two learning paradigms in neural networks: supervised
learning and unsupervised learning. The former takes place when neural networks
learn to accurately reproduce a given pattern or set of patterns of the activation
vector by changing the weight matrix under external supervision. In this case, a
neural network is trained by a "teacher” to compute a given activation vector or set of
activation vectors. The desired activation patterns are compared with those computed
by the network in order to change the weights in the network. Unsupervised learning
takes place when the neural network discovers a relation among a set of activation
patterns by itself. In this case, the neural network is trained with examples but no
comparison is made between a desired pattern and an obtained pattern. Using the
adequate algorithm for changing network weights (W), the neural network can
discover relations (i.e. distance or similarity relations) among input patterns.

Kohonen’s map algorithm is a special kind of neural network. Kohonen’s model
assumes a set of laterally interacting adaptive cells. These cells are usually arranged
in a two-dimensional array. The cells are connected to a common bundle of input
fibers (see Fig, 2). The activity pattern at the input is described by an n-dimensional
real input vector X (n is the number of input lines). Input vectors are randomly
presented to the network. For a given cell, r, there is an r-dimensional vector, W,
that represents the connections among r and each input fiber. The response of a cell
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Fig. 2. Schematic representation of a layered Kohonen’s map network architecture. Some connections are
shown

is obtained by computing the dot product X+W,. This dot product is a measure of the
similarity between the input vector (X) and the connection vector (W,). Each cell is
labelled by its position, r, in the two-dimensional array. In each computation cycle,
the dot product X«W,, is computed for each cell. Next, the maximal value is selected
and the cell, s, in which the product X»W; is maximum is recorded. A group of
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excited neurons is taken to learn. The same as in other neural network algorithms,
learning is defined as a change in the connection vector W,. The extent and shape of
the group of cells to be selected for learning is described by a function, hrs, whose
value will determine the change in the vector W, for a given neuron, r, when the
maximal value of the dot product is centered in the neuron s for which the dot
product X+W_ is maximum. The adjustment to the values in cycle t corresponding to
the input X are given by:

W (t+1) = W(t) + L,.(t) + h(t) + d[X, W (1)] )]

In the above expression, L, (t) is the learning rate that modulates the speed of
learning (25), and d[X,W,(t)] is a distance or similarity function. These functions
need to be specified. Learning of weight vectors, W, representing the map, proceeds
in discrete time steps t = 0, 1, ..., tmax. Functions 1 ,..(t) and h (t) have to decrease
with the increase of t so the learning algorithm can converge.?® It has been
demonstrated that if the input vectors are normalized, the algorithm will normalize
the weights.26

Expression (1) means that, in each cycle, some vectors (W) rotate more or less
depending on the difference between themselves (W) and the input vector (X).
Thus, with the increase of t, the vectors W become more and more like the X input
vectors. This is a key point in Kohonen’s map algorithm: the neural network can
undergo unsupervised learning. No teacher is necessary and the network discovers
for itself any similarity relation implicit in the input vector set:2> Kohonen’s map
algorithm produces a topology-conserving map.26: 27 Note that the network "sees”
only one input vector at a time.

Kohonen’s map algorithm is the core of a fruitful research field. This algorithm,
among others, has been applied to study vector quantification, hierarchical clustering
of abstract data, speech recognition, phoneme map computation, semantic cognitive
mapping, control robot arms, automatic synthesis of digital systems, image
compression, optimization problems, classification of radar images (see bibliography
cited in Ref. 25), chemical quantitative structure-activity relationships?® and
simulation of concept acquisition.2?

Method

To apply the Kohonen map algorithm to a given set of data it is necessary to
specify in formula(1) the expressions for the similarity, d{X,W_(t)], and for the 1_,.(t)
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and h (1) functions. Following Ritter and Schulten,?0 I have used Euclidean distance
as similarity function and the following expressions for L ;.(t) and h((t):

Late(® = (Lrager/ lratcz)t/ tmax

h (D) = exp—[(r-s)/p(V)]

with
P(D) = pa(p1—p)/ '™

According to Ritter, Martinez and Schulten,3! useful values for the parameters
introduced above are pl = 1, p2 = (Number of cells/2), 1 ,;; = 0.05 and 1., = 0.9.
The number of cells must be defined in each computation. All the computations used
tmax = 6000 cycles. The GW/BASIC program KOHONUDO was written to
compute the maps according to the above specified algorithm and parameters.

As noted above, journals are the best units for studying the dynamics of science.
Four sets of journal-to-journal citation data were used to apply Kohonen’s map
algorithm to the study of networks of scientific journals. The data were obtained
from previously published studies. Data are for citations among 19 chemical physics
journals pooled for 1981 (data set I),! 20 communication journals pooled from 1977
to 1985 (data set II1),32 11 sociology journals pooled from 1970 to 1970 (data set III)
(see Ref. 33, Table 1 in that paper) and for citations among 13 sociology journals
from 1975 to 1976 (data set IV) (see Ref. 33, Table 2 in that paper). Data sets III and
IV include data referring to the same journals (for different years) with some new
journals added in data set IV. This makes it possible to compare the results of two
different years that are made up of almost the same journals. Table 1 gives the full
titles of the journals used and the characters that identify them in the maps.

To perform the computations, each journal was coded as an n-component vector
(n representing the number of journals in a given set). Each component of the vector
is the number of citations given by each journal to each ather journal. The input
vectors were normalized to allow the algorithm to normalize the weights. The
number of cells was chosen in each case according to the number of journals used in
the computation to allow reasonable computing times. The initial connection weights
between cells and the input lines were chosen to be small random values.3* Input
vectors representing journal citation data were randomly presented to the network.
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Table 1

Full title and identification character of journals studied

Data set I (ref 1)

Journal of Chemical Physics

Journal of Physical Chemistry

Chemical Physics Letters

Chemical Physics

Molecular Physics

Physical Review A

Physical Review Letters

Physical Letters B

Physical Review D

Journal of Physics B: Atomic and Molecular Physics
Physica Scripta

Solid State Communications

Journal of Physics C: Solid State

Physics Review B

Journal of the American Chemical Society

Journal of the Chemical Society: Faraday Transactions
Journal of Organic Chemistry

Tetrahedron Letters

Journal of Molecular Spectroscopy
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Data set II (ref. 32)

Quarterly Journal of Speech

Communication Education

Communication Monographs

Human Communication Research

Central States Speech Journal

Language and Communication

Written Communication

Educational Communication and Technology Research
Journal of Technical Writing

Communication

Telecommunications Policy

Media Culture and Society

Columbia Journalism Review

Public Relations Review

Communication Research

Journal of Broadcasting and Electronic Media
Journal of Communication

Public Opinion Quarterly

Journalism Quarterly
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