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1. Introduction 

 

Science is by definition the field of dynamics, sometimes turbulent dynamics. Empirical studies of 

science, including quantitative approaches, have always been working on concepts, models, and 

measures to capture various aspects of dynamics and change. 

One important area refers to the rate of growth of science at aggregate level. Since the early stages 

of scientometrics the goal of examining or even predicting the overall growth of scientific output 

has fascinated many authors (de Solla Price, 1951; 1961; Rescher, 1978; 1996; van Raan 1997; 

2004; Granovky, 2001). 

Another well developed area is the mapping of scientific fields as generated by the dynamics of 

specialization. A long tradition in scientometrics, after the seminal work of Michel Callon and co-

authors (Callon, Courtial, Turner and Bauin, 1983) has used co-word analysis to build up profiles of 

emerging fields. The literature on field delineation has developed a number of techniques for 

identifying new scientific areas, usually based on clustering or combination of words, and more 

recently has heavily used visualization mapping techniques (for an updated survey see Noyons, 

2004). Also, the literature on new disciplines made substantial contributions to the identification of 

the underlying dynamics (Callon, Law and Rip, 1986; Callon, 1986; Rip, 1988).  

More recently, new quantitative methods have been developed to track the emergence of new 

epistemic communities (Roth and Bourgine, 2005; 2006)  and to identify more rigorously changes 

in disciplinary boundaries and the emergence of cross-boundary or multidisciplinary new fields 

(Meyer and Persson, 1998; Metzger and Hare, 1999; van Leeuwen and Tijssen, 2000). 
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All these studies contribute to a deeper understanding of the dynamics of science, using quantitative 

approaches and providing important policy implications. 

In this paper we suggest another dimension of investigation. It refers to the degree of diversity of 

scientific activities, or more precisely, to the question whether diversity increases or decreases over 

time in any given field. Diversity has mainly been studied in science as a phenomenon that precedes 

the establishment of a new paradigm (pre-paradigmatic science), or as a irreducible dimension in 

fields, such as human and social sciences, characterized by paradigmatic pluralism. We call the 

attention to a completely different aspect. i.e. intra-paradigmatic diversity in laboratory sciences, 

and try to develop a rigorous conceptual and empirical framework to examine it. We claim that by 

looking at how intra-paradigmatic diversity changes in the growth of a scientific field it is possible 

to derive many useful insights. In particular, we focus on an extreme case of rapid increase of 

diversity over time, labelled proliferation pattern, as a landmark of new leading sciences in the XXI 

century. We develop a quantitative measure for this concept and apply it to one of the fast growing 

fields, namely nanoscience and nanotechnology. 

The paper is organized as follows. Section 2 discusses the concept of diversity against the relevant 

literature, while Section 3 discusses the substantive reasons behind the proliferation dynamics, 

drawing from a number of sources. Section 4 establish a link between the notion of dynamics in 

science and models of search behaviour in other fields. Finally, Section 5 introduces the data and 

the measures, Section 6 shows the findings and Section 7 offers some implications and concludes. 

 

 

2. The meaning of diversity in the growth of science 

 

Diversity has always been a major concern in the philosophy and history of science, in the precise 

meaning of the conditions for legitimate coexistence of diverse theories on the same phenomena 

(Wightman, 1951; Hanson, 1958; Holton, 1986). The Popperian reconstruction, in fact, suggested 

that, at least in principle, there should always be the possibility to establish the superiority of one of 

competing theories by designing appropriate crucial experiments. If this were true, then the 

coexistence of diverse theories should be a transitory, not permanent, aspect of science. 

The notion of paradigmatic change served the purpose of explaining both the coexistence and the 

transition between theories (Kuhn, 1962). According to this view, there are two main possibilities 

for the coexistence of diverse theories. One is that science is in a pre-paradigmatic stage. Several 

competing theories address diverse aspects of reality, using disparate concepts and producing 

evidence from different experimental settings and techniques. Pre-paradigmatic science is the world 



of diversity and exploration, one in which crucial experiments are not possible because there is no 

agreement on the relevant questions. It is typical of new emerging fields, that lack a consolidated 

body of relevant research questions and methodologies. After a while, a dominant paradigm 

emerges and diversity is drastically reduced. Also, this situation may be found at the end of an 

established paradigm. In the famous reconstruction by Kuhn, when findings which are not 

compatible with the existing paradigm accumulate, scientists try as far as they can to reconcile 

anomalies with the core paradigm by adding ad hoc hypotheses. However, if anomalies are too 

strong, the paradigm collapses and science enters again into a situation similar to pre-paradigmatic 

science. The second possibility is that paradigmatic pluralism is permanent, as it happens mainly in 

human and social sciences, for a variety of important philosophical reasons not to be discussed here. 

Although this explanation is important, it has obscured another interesting fact, namely that there 

may be large diversity within established paradigms. By diversity here we do not mean the obvious 

fact that scientists try to find original things and thrive to differentiate themselves from colleagues. 

By diversity, on the contrary, it is meant the fact that scientists, while sharing the same paradigm 

and the same theories, may still work along substantially different research directions. Even though 

scientists share basic assumptions, general ways of formulating relevant questions, and broad sets of 

techniques, so that they may be considered part of the same scientific paradigm, they still may 

exhibit considerable permanent diversity in the specific hypotheses or sub-hypotheses they want to 

test, the precise object they are looking for and the detailed experimental techniques and 

infrastructure they use. We label this situation intra-paradigmatic diversity. 

To illustrate the concept, we refer to the representation of laboratory sciences offered by Ian 

Hacking (1992). Following a tradition of research on laboratory practices and the relation between 

discovery and representation (Collins, 1985; Galison, 1987; Lynch and Woolgar, 1990) and 

combining epistemological and social science considerations, Hacking has offered a rich 

articulation of so called laboratory sciences (Latour, 1987; Latour and Woolgar, 1979). According 

to him, laboratory science can be characterized with respect to as many as fifteen different 

dimensions, such as ideas (questions, background knowledge, theory, specific sub-hypothesis, 

theoretical model of equipment), things (experimental target, source of experimental modification, 

revealing apparatus, tools, data generators) and symbols (data, evaluation of data, reduction of data, 

analysis of data, interpretation). Using this characterization, it is possible to think of research 

programmes in laboratory science as located in a region of a multidimensional space.  

We call the attention on the fact that there are disciplines, fields or sub-fields in which (almost) all 

scientists share (almost) all the fifteen dimensions suggested by Hacking, and therefore would be 

located close to each other in the multidimensional space, while there are others in which scientists 



subscribe to a few of them, consider them part of the same paradigm, but nevertheless diverge on all 

other dimensions. Even in a fully paradigmatic situation, then, there might be room for large 

diversity.  

Let us  characterize this notion more carefully with respect to related concepts in the literature. First 

of all, simply observing diversity in a scientific field is not theoretically challenging. At any given 

time, a certain degree of diversity is the result of intrinsic dynamics of science. This effect has been 

nicely represented by the literature on problem choice in science (Carayol and Dalle, 2007 and the 

quoted literature). When selecting the directions of research, in fact, scientists are subject to an 

important trade-off. On one hand, in the competition for anteriority in discovery, they may explore 

totally new problems and directions, in the hope to be first (Ziman, 2000; Shy, 2001). If this is the 

case they may avoid overcrowded areas and move apart from problems explored by other scientists. 

In presenting results, they also differentiate from rival scientists by emphasizing the novelty of their 

discoveries, using new definitions and sometimes even totally new words. On the other hand, being 

first in totally new problems exposes to the risk of having a small audience of interested colleagues. 

The advantage of working into crowded research directions is that the recognition of scientific merit 

is immediate and large. According to this literature, the solution to the dilemma depends on 

assumptions on costs and payoffs across alternative options. Consequently we will always observe a 

certain degree of diversity that is induced by the competition among scientists.  

Second, it is useful to distinguish between our notion and the notion of variety introduced in an 

important paper by Michel Callon (1994). According to this contribution there are powerful factors 

reducing variety in science, in particular the existence of positive feedback mechanisms. In other 

words, once scientific problems have been successfully explored, there are increasing returns from 

exploiting results along the same directions. The professional norms of the scientific community 

force scientists to adhere to these results and discourage heterodoxy, for example by considering 

mandatory certain quotations to scientific papers. This tendency towards the norm would be even 

stronger if market forces, subject to increasing returns and lock-in effects, were at work in funding 

mechanisms. Given the action of these powerful forces, Callon calls for a strong role of the State in 

fostering variety in science, in order to preserve the long term ability to explore. 

Although the factors stressed in these contributions are clearly relevant, our notion of intra-

paradigmatic diversity calls the attention on different issues. On one hand, while the choice 

behaviour of scientists may be considered the same across scientific fields, we are interested in 

understanding whether there are scientific fields that are intrinsically more conducive to diversity 

than others. According to the problem choice perspective, we would always have, in all disciplines 

and at any given point in time, scientists following the crowd or going alone. There would not be a 



characterization of scientific fields. We call the attention, on the contrary, to factors that shape the 

parameters of the choice of scientists, such as the payoff from diversity, leading to the superiority of 

a strategy over another.  

On the other hand, Callon is right in stressing powerful factors reducing variety in science, such as 

professional norms, paradigmatic pressure and economic reasons. However, any given degree of 

variety, observed at any point in time, is the result of an underlying dynamics. Once new research 

problems have been explored and increasing returns start to operate, there is a unavoidable tendency 

to converge. However, in dynamic terms, variety is the limit property of a joint dynamics of entry of 

new problems in science, and of selection/ elimination (or convergence to the norm) of problems. 

But then the real question is at which rate new problems are generated. If the entry rate of new and 

diverse problems is sufficiently high, there might be large variety even under conditions of 

increasing returns. It is our contention that sciences born in late XX century, such as life sciences, 

information sciences, and materials sciences, all share the property of having such a large rate of 

entry that the overall dynamics is one of increasing variety or diversity. Let us explore this 

possibility more in detail. 

 

3. Understanding divergence and proliferation 

 

As discussed above, diversity is a static characterization, at any given point in time. However, it is 

also the limit property of an underlying dynamics, so that we should add another intriguing 

question: is diversity in science increasing or decreasing over time?  

Again, the theory of paradigmatic change would predict that, after the emergence of a paradigm 

diversity would be greatly reduced, because all anomalies would be explained in a unified way. 

Diversity would explode again when the dominant paradigm goes into troubles. We challenge this 

view by proposing that there may be disciplines, fields or sub-fields in which diversity increases 

steadily over time, even within the existing paradigm.  

In a recent paper, it has been proposed to introduce a fundamental distinction between convergent 

and divergent dynamics in science (Bonaccorsi, 2007a).  

By convergent dynamics it is meant a pattern in which given one or more common premises (e.g. an 

accepted theory and an agreed research question or general hypothesis) each conclusion (i.e. 

experimental evidence or theoretical advancement) is a premise for further conclusions. In addition, 

all intermediate conclusions adds support, or information value, to the general conclusion. In 

theoretical information terms, convergent dynamics is one in which all new problems generated in a 

given field contribute to the reduction of uncertainty over the general theories accepted in the 



paradigm. The convergent regime is the one followed by classical physics and culminating in high 

energy physics in XX century. By extension, it is also the pattern followed by engineering fields 

closely related to physics for the understanding of the behaviour of artefacts, such as nuclear 

engineering, telecommunications or aerospace. The convergent dynamics decreases diversity over 

time. The weight of evidence cumulated in favour of the general theory eliminates rival theories.  

By divergent dynamics, on the contrary, it is meant a pattern in which given one or more common 

premises each conclusion gives origin to many other sub-hypotheses and then new research 

problems and directions. These lower level hypotheses do not simply add evidence to the general 

hypothesis, reducing uncertainty over its information value. Rather, from any given hypothesis 

many competing sub-hypotheses are generated, exploring different directions. 

Let us distinguish between strong and weak divergence. In the former case sub-hypotheses, and 

then research programmes, are competing, in the sense that they cannot be true together, although 

they are all consistent with the general theory or with hypotheses of higher generality. In the latter 

they are only different, in the sense that they are located at a large distance in the multidimensional 

space described by Hacking (1992). 

The divergent pattern has been followed by new sciences in the second part of XX century, namely 

life sciences, computer science, and materials science, including nano. It has also been followed by 

engineering disciplines that depended on the former sciences, such as informatics or bioengineering. 

If a divergent dynamics is coupled with an acceleration in the rate of entry of new problems, then 

the scientific field follows a proliferation pattern, one in which diversity greatly increases over 

time, notwithstanding the pressures to reduction coming from increasing returns. In one word, the 

notion of proliferation suggests that there may be discoveries that have generative nature, rather 

than confirmative. Instead of producing convergent programmes of research aimed at confirming, 

enlarging, stabilising the initial discovery, these ignite a variety of research programmes scattered in 

many directions, in a relatively short time. As we will see below, nano S&T is currently following a 

proliferating pattern.  

According to Bonaccorsi (2007a) there are three main sources of divergence.  

First of all, new sciences in the XX century have applied the methodological reductionistic strategy 

experimented with great success in physics to new fields, such as life, information, and materials, 

and to their intersections (e.g. proteomics, bioinformatics, neuroscience, cognitive science, and 

related technological fields such as bioengineering or biorobotics). A reductionist strategy aims at 

identifying fundamental levels of explanation, located down in the levels of matter, and explaining 



higher level phenomena using knowledge on elementary levels. 
2
 In Feynman‟s famous words, 

since at the end of the day all things are made of atoms, with sufficient data any explanation, for 

example in biology, could be ultimately reformulated in terms of elementary levels of matter, or 

atoms (Feynman, 1963). 

The objects and systems examined in these fields (i.e. the human body, the mind, the computer, a 

complex material, or the robot), however, are orders of magnitude more complex than those 

successfully explained in physics. In general, new sciences deal with complex, hierarchical, multi-

layer systems. These systems exhibit at higher levels of organization complex behaviours that are 

influenced, but not totally determined, by properties at lower levels. In addition, these systems are 

formed by a large number of elements, bringing a huge number of potentially useful causal models. 

Divergence is the result of the combination between the reductionist explanatory strategy and the 

complexity of systems under investigation. While deepening the knowledge of properties at 

elementary levels following a reductionist approach, there is still the problem of articulating the 

relations between levels. The deeper the knowledge gained at elementary levels, the larger the 

options available for articulating the relations across levels. 
3
 This sounds paradoxical, but is a 

stringent implication. At each interface of the complex system under study, scientists discovering an 

explanation at lower levels (and hence converging on this fundamental explanation) diverge again 

in articulating the relations with higher levels of organization. They are driven by the belief to 

explain everything with more fundamental theories, but they need complementary theories and 

specific sub-hypotheses to move up the hierarchy. Therefore at the same time they share the 

fundamental explanation that is at the core of the paradigm, but then diverge on the specific sub-

hypotheses. This proliferation dynamics is pervasive in life science and is at the hearth of its 
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massive expansion in the second half of XX century (Danchin, 1998; Morange, 1998; Corbellini, 

1999; Delsol and Perrin, 2000).
4
 

Another important source of divergence comes from the overlapping and integration between 

science and engineering design. In a number of new scientific fields and disciplines, including 

biotechnology, nanotechnology and materials science, new scientific advancements are obtained 

only by designing and producing new objects, i.e. by manipulating the matter according to a defined 

plan. Indeed, in areas such as nanoscience the very properties of nature change according to the 

artefact built by experimenters, so that the distinction between natural and artificial (Simon, 1981) 

is collapsing, or, as physicists say, “everything is artificial” (Bonaccorsi and Thoma, 2007). In turn, 

the design of objects for technological and industrial goals is possible only on the basis of a deep 

understanding of the properties of matter. 

This is made possible by the extraordinary progress in scientific technology and the combination 

between experimental equipment and computing power. This progress has reduced or even 

eliminated the time lag, that in the history of science has always been significant, between the date 

at which a scientific prediction can be done, an experimental confirmation can be produced, and a 

direct manipulation of matter is possible. 

Now, for reasons we cannot explore here, the dimensionality of the space of design is larger than 

the dimensionality of the space of scientific laws. In design there are always several different ways 

to realize any given goal or function, and it is always possible to get several functions from any 

given physical structure, following a many-to-many mapping procedure (Pahl and Beitz, 1984; Suh, 

1990; Stankiewicz, 2000). While scientific activity is largely based on causal propositions, 

induction, hypothetical-deductive reasoning and methodological reductionism, engineering design 

proceeds mainly with abduction, projection and adaptation (Morand, 2004). In these new areas of 

science-based engineering, therefore, the proliferation of research programmes is an intrinsic 
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property, because at any step the interplay between scientific understanding and design opens new 

opportunities for manipulation. 

For interestingly related reasons, the same dynamic patterns applies to proteomics and functional 

genomics in life science. Here it is not the artificial or intentional nature of design that is at stake, 

but the fact that the physical and chemical explanation of the structure of genes has not reduced the 

number of plausible explanations for protein functions. After the complete mapping of human 

genome, in fact, it appeared clear that there is no simple relation between gene sequences and 

protein functions, as advocates by early molecular biology, but rather the space of these mapping 

relations is enormously large, as it happens in artificial design (Duprè, 2005; see the early debate on 

this issue in Lewontin, 1991; 1994; Kevles and Hood, 1992). Thus the resolution of uncertainty 

over the physical structure of genome opened the way to a massive proliferation of research 

programmes, each exploring a particular mapping. 
5
  Interestingly, these discoveries have called 

upon the development of a new approach in biology, called systems biology, explicitly articulating 

the relations between layers of organization of living matter.  

Similarly, while particle physics exhibits a strong convergent pattern, matter physics is at the 

origins of highly divergent patterns in materials science and nanoscience. 

Third, another interesting pattern of divergence can be found in fields in which scientific 

advancements require the development of languages and texts. This is the case of pure mathematics, 

which is the prototype of divergent search, but also of theoretical computer science. In some sense 

the same applies for fields in which texts are already written, but the interpretation is open, as it 

happens in genetics or in the more specialised domain of bioinformatics. In a deep sense, modern 

science, since Galileo and Francis Bacon, deals with interpreting or decoding  the text, book or 

alphabet of Nature (see Pesic, 2000 for a fascinating historical reconstruction). After Boole, Turing 

and von Neumann, an important part of science deals with writing or encoding the text of Nature. 

Based on a common core of grammatical, syntactical and semantic rules, it is possible to generate a 

large number of languages at various levels of generality. Using languages it is possible to write 

texts. Divergence may also originate in different architectural choices or representational strategies. 

In general, interpretation or writing of texts is always bound to generate many plausible and 

effective alternatives. As it has been said,  “in interpretation, in addition to (i) any expression can be 
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substituted for by its interpretation, it also holds that (ii) this process is theoretically infinite” (Eco, 

1990, p.218). 

While the reasons for convergence or divergence would require a research effort in their own, based 

on rich historical, philosophical and quantitative evidence, we propose that this distinction is 

accepted for analysis. 

Let us contrast the divergent pattern with the opposite one. 

One reason behind convergence it is the availability of a strong unified theory. Such a theory would 

normally identify clearly the objects of observation, but also the anomalies arising from predictions 

that do not meet experimental evidence. If anomalies can be interpreted within the existing theory 

(as most post-popperian epistemology has emphasized), then they act as a powerful catalyser of 

research along the same lines. Take for example the problem of the unification of the four forces in 

particle physics and the associated anomalies in the so-called CP symmetry. The search for 

evidence supporting the unification, and the search for interpretations that would reconcile 

experimental anomalous evidence with the theory act as a tremendous selective device in scientists‟ 

agendas. 
6
 In the words of distinguished physicists themselves, this amount to the “dreams of a final 

theory” (Weinberg, 1992),  the “search for the ultimate building blocks” („t Hooft, 1997), or the 

“quest for unity” (Klein and Lachièze-Rey, 1999). As it has been often noted, it is very much like 

the search for the Holy Graal.  

Another quite typical possibility for convergence in science is a feedback effect from the emergence 

of technological standards. The convergence of technological efforts towards standards has a 

powerful effect of focusing on the areas of scientific research interested. For example, the 

development of cellular phone (the first GSM call was done in Helsinki in 1991) benefited, among 

others, from scientific breakthroughs dating back to the information theory developed by Shannon 

in 1948, the coding theory of Hamming in 1950, and the Fast Fourier Transform invented by 

Cooley and Tukey in 1965. Although these achievements were, in itself, driven by purely scientific 

goals (and possibly highly divergent), after the development of GSM there were impressive 

developments in all these fields, converging on solutions around the established standard. In 

theoretical terms, convergence implies the resolution of uncertainty in a tree-like structure, in which 

nodes represent conditional probabilities.  
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Two final remarks on the level of analysis are in order. By convergent or divergent pattern we mean 

an abstract characterization of the search dynamics. It applies mainly at the level of individual fields 

and sub-fields, or epistemic communities, and at their dynamics of entry, survival, growth, and 

networking. Disciplines can be considered more or less large and stable collections of fields and 

sub-fields. We will say a discipline, such as particle physics, is characterized by a convergent 

regime if we observe a moderate dynamics of entry and growth of new fields and a relative stability 

of keywords, while we will claim computer science is mainly divergent if we see a turbulent 

dynamics of entry of new fields, many of which grow exponentially for several years and proliferate 

new keywords.  

Furthermore, we have no claim on the possibility that a given field may change its regime. Are new 

sciences likely to evolve into convergent regimes? We leave the question open. It is enough to 

accept the notion that diversity may be high, and growing, even within an established paradigm. 

 

4. Ant models in economics of science 

 

According to our perspective, divergence or convergence are not the result of intentional strategies 

of rational scientists pursuing priority and differentiation, but rather are intrinsic properties of the 

scientific fields they are working in. In fields characterized by convergence, we expect scientists to 

conform to a common agenda, new problems to be generated slowly and to be absorbed rapidly into 

the main agenda, and diversity to decline over time. In fields characterized by divergence, on the 

contrary, we expect individual scientists or small team to come up repeatedly with new problems 

and claim at the same time adherence to the general paradigm and strong diversity in specific 

research directions. If divergence is coupled with acceleration, we expect a proliferation pattern. 

This distinction has a remarkable parallel in another field, which has studied the feeding behaviour 

of animals. Although it may seem surprising, at a very abstract level the search for food of animals 

has some similarity with the search for discovery of scientists. 

We focus here on the feeding behaviour of ants, a subject that has attracted the attention of 

scientists since long time. Holldobler and Wilson (1990) have summarized decades of research into 

the behaviour of ants. It is nice to recall how the theoretical physicist and Nobel prize Feynman 

discovered that ants leave a chemical trace when they have found the food, by shipping them 

towards a heap of sugar on the floor at Princeton, and observing their walk back for hours and hours 

(Feynman, 1985).  

More recently, research in entomology and computer modelling and simulation at Santa Fe Institute 

(Solé et al., 2000; Jun et al., 2003) has shown a striking difference in food search behaviour 



between two otherwise genetically similar species of ants. The food gathering behaviour of ants is 

governed by a chemical mechanism: once ants find food, they pick up the food, leave a pheromone 

trace for other members, and go back to the colony. The chemical trace decays over time. The 

observed difference is as follows. One species leaves the colony, forms a long and compact column, 

moves into a single direction, picks up the food and returns to the colony along the same column. 

The proportion of available space explored by the colony is minimal. Other species branch 

immediately after leaving the colony, moving into many different directions, and branching over 

and over again with a regular coefficient, so that over time a large proportion of the whole ground is 

covered. Interestingly, there is no “cognitive” explanation for this difference, since these two 

species have approximately the same capabilities. The interesting question, which is of maximum 

relevance for science, is the following: which is the optimal search behaviour? Is it better to 

concentrate efforts in a few directions, or rather spread all over the ground? Given a self-reinforcing 

mechanism that brings many ants to crowd in the regions where food has been found, how it is 

possible to avoid overexploitation of some regions and underexploitation of potentially others? The 

Santa Fe researchers developed a simulation model, compared results to experimental data and 

came to a surprising answer: both search strategies can be optimal. The explanation is structural and 

evolutionary: the former ants used to live in grounds where food is concentrated in a few regions, 

while the latter lived in grounds where food was scattered all around. By adapting to the structure of 

the search space they developed optimal search strategies. 

This parallel is interesting, because it offers a natural bridge with another use of the ant metaphor in 

the literature. In fact, in a classical chapter in Sciences of the artificial, Herbert Simon (1981) 

introduced one of his celebrated images to propose a deep argument. Suppose we observe a 

complex path on a surface but do not know its origin. It may be a man surfing on the sea, or a 

student drawing a demonstration in geometry, or, not surprisingly, a small ant in the sand. In order 

to explain the trajectory we have two opposite strategies: concentrating on the cognitive abilities of 

agents, or rather studying the structural properties of the space they are moving into. If we are 

observing an ant, we might speculate on its ability to process information and select an optimal 

path, or rather we might learn something about the structural properties of the beach. According to 

Simon, in many circumstances the second strategy is the best one. The complexity of observed 

behaviour does not depend on the complexity of the agent in terms of cognitive abilities, but rather 

of the environment. The agent, considered as a system that exhibits a behaviour, may be in fact 



extremely simple. Irrespective of the rationality we may assume in the agents, the structure of the 

space is more informative for explaining the trajectory than any speculation on cognitive abilities
7
. 

Following Simon‟s ant metaphor, we might try to know more about the structural properties of the 

space agents are moving into and draw inferences about the likely trajectories they will pursue. The 

knowledge on the space will be available to external (social) scientists.  

In general terms, we are talking about the search space, or the abstract space in which scientists 

search for solutions to particular scientific problems, or for models and laws that explain empirical 

evidence. The notion of search space is familiar to computer science, artificial intelligence and 

cognitive science (Newell and Simon, 1972; Newell, 1990; Holland, Holyoak, Nisbett and Thagard, 

1986; Pylyshin, 1984; Von Eckardt, 1993) and computational models of discovery (Langley, 

Simon, Bradshaw and Zytkow, 1987; Shrager and Langey, 1990; Wagman, 2000). Using this 

notion, but departing from the goal of building computational theories of science, we rather want to 

characterize the search spaces of scientists in a parsimonious way, and in a way that lends naturally 

to economic interpretation. In order to do so, we observe structural properties of search, that is, 

abstract properties of the way in which scientists, taken collectively, carry out their search activity 

in their own field.  

Let us anticipate a possible criticism. What we observe is not, in fact, the search space, but the 

behaviour of scientists in their fields, that is, their search strategy within the space. A problem of 

endogeneity is clearly at stake. We define the search space by observing the strategies of search, 

without any theoretical assumption that the observed strategies are optimal or even appropriate to 

the particular space. We do not subscribe to any naïve assumption of optimality at the level of 

individual behaviour (Duprè, 1987; Hodgson, 1993; Sober, 1994), which is at odds with the 

exploratory nature of science.  

We offer the following argument: if we are able to observe the search strategies for (almost) all 

scientists, and for a sufficiently long period of time, then we may believe that their collective 

behaviour (not individual behaviour!) must be adapted to the structural characteristics of the 

underlying space. Therefore we draw inferences on the abstract properties of the search space by 

                                                 
7
 This is the main motivation behind the failure of informational models of science, including the new economics of 

science, to go beyond a general characterization. By definition, scientists must possess the best knowledge available in 

their field. There is no way for an external observer to know more than scientists themselves. The usual strategy used in 

economics (i.e. defining an information set accessible to agents in the model and the modelling agent) cannot  be 

pursued here. The reason is that the information set is produced and changed continuously by agents themselves in a 

way that the external observer cannot access (unless in a purely tautological way). Under these circumstances it is 

impossible to explain the trajectory using notions drawn from the economic theory of information better than agents‟ 

reflexive reconstruction. But, if this is true, there is no cognitive advantage or parsimony in developing a theory. 

Economic theory based on notions of uncertainty reduction and information production is not that useful. 

 



observing the abstract characteristics of the collective, consistent behaviour of agents searching that 

space. 

Another important objection to the use of the notion of search space is that scientists do not 

recognize an existing space, but actively build it. Scientific activity is not entirely reducible to 

problem solving. This objection is appropriate at a theoretical level. The notion of search we adopt 

here, however, does not logically imply subscribing to a particular vision of science, even less to 

accept as such the controversial approach based on computation. It is an operational notion, 

consistent with different substantive theories on the formation of scientific hypotheses. 

The purpose of this paper is to develop an empirical approach to measure diversity and the rate of 

divergence in different fields of science and to validate the conceptual framework.  

 

 

5. Data and methodology 

 

5.1  Data 

 

The notion of divergent dynamics in science should be tested in a variety of disciplines and fields in 

order to get empirical validity. In this paper we set the formal framework to carry out such an 

empirical analysis and offer a first test of measurement. 

The experimental context adopted for the test is the emergent field of nanoscience and 

nanotechnology. This field has witnessed exponential growth since its birth in the early 1990s, or at 

least a linear growth with large slope (Zucker and Darby, 2003; Bonaccorsi and Thoma, 2007). This 

disruptive dynamics is the ideal context to operationalize and test the concept of proliferation.  

The delineation of the field follows the methodology proposed by Fraunhofer ISI Karlsruhe (2002), 

based on a combination of keywords generated by a large panel of experts. Data have been 

extracted from Science Citation Index for the period 1988-2002 for this analysis; a larger dataset 

extending to 2006 has been produced for further analysis, but is not considered here. 
8
 

The current dataset includes 81.669 articles published between 1998 and 2002. After stemming 

procedure we identified 96.812 separate keywords. 

 

                                                 
8
 The data come from two related projects supported by the PRIME Network of Excellence (Policies for Research and 

Innovation in the Move towards European research area), called Nanodistrict I and II. 



5.2 Entry and survival of new keywords 

 

The empirical approach proposed here is based on the industrial dynamics of science, as 

approximated by the dynamics of entry, survival, growth and co-occurrence of new words in 

science. We assume that the process of entry in science is indirectly witnessed by the appearance of 

a new word as a keyword in the scientific literature. We are fully aware of the many limitations of 

word analysis in science, and more generally of single indicators (Martin, 1996; van Raan, 2004). 

Additionally, taking into account the literature it is clear that a new field would produce not single 

new words, but clusters of new words. The literature on new fields based on the structure of 

citations, co-authorships, and co-occurrence of words has shown how variable the boundaries can 

be in a relatively short time frame (Leydesdorff, 1987; Rip, 1988; Zitt and Bassecoulard, 1994) and 

also how sensitive are classifications with respect to the window of observation (van Raan, 2004; 

see for an example Zitt, Ramanana and Bassecoulard, 2003). However, our goal is not to examine 

the full profile of new fields (which would require clustering and mapping) but rather to explore the 

dynamics of individual new words after their entry. 

We have used full words in keywords (whenever available) and in titles, eliminating words 

appearing only once or twice in titles and keeping all words appearing in keywords in the dataset. 

From all articles we extracted keywords and carried out preliminary stemming work (elimination of 

synonyms, abbreviations, simple variations). From the whole set of keywords we identified new 

keywords, as defined by those word that never appeared in the dataset before. This means that we 

controlled, for each keyword, the occurrence in all preceding years. Keywords appearing in 1990 

have been eliminated, since the control was not possible with existing data. For each year, therefore, 

the dataset shows new keywords and old keywords, indexed by age after their first appearance in 

the dataset. 

Our definition of new keywords is limited to the dataset. A keyword may be new to the nano S&T 

field but old to overall science. It would be impossible to control for the absolute novelty of each 

keyword by scanning a proprietary dataset. However, if a keyword makes its first appearance in the 

nano field in a given year and never appeared before, it is sufficient evidence of a certain degree of 

novelty, although not an absolute one. 

Even limited to a field, new keywords have multiple meanings. First, they may witness true 

scientific novelty, in the sense that scientists feel the need to introduce new verbal forms, new 

definitions or new abbreviations in order to describe the object of their discovery. Second, they may 

be the result of strategic differentiation by scientists, who in fact do not show true novelty in their 

papers, but try to establish their own terminology in order to gain visibility and recognition. Third, 



new keywords may be the result of a labelling process, whereby definitions already existing in other 

disciplines are relabelled when a migration to a new discipline is carried out. This concern is very 

serious for nano S&T, where many scientists were already active in old disciplines such as 

chemistry or physics, but found it convenient to relabel their research in a fashionable way in order 

to get more funding. This is particularly relevant for US science after the launch of the 

Nanotechnology Initiative by President Clinton. These words would not be found as old words even 

scanning all the SCI, but they would be recognized as relabelling only by experts in the field. 

Finally, it is still possible that there is noise in data, coming from acronyms, differences in spelling 

and other errors not detected in the cleaning stage. 

Clearly the interpretation is largely different in the various cases. True scientific novelty is the 

object of our investigation. How do we distinguish true novelty from strategic differentiation and 

relabelling? Our answer is: we cannot, only the scientific community can. If a given word is 

accepted in the scientific community and adopted by several authors over time, it means that it is 

preferred to others already established in the discipline (hence the differentiation value is a real one) 

or that it is preferred to equivalent terminologies adopted in other disciplines (hence there is at least 

some gain in using a different word). Only the scientific community can judge the value of any 

assumed novelty proposed by a scientist, using intersubjective control (Ziman, 1978; 2000).  

Therefore we adopted a simple empirical strategy: new words are considered only when they 

survive, i.e. they are adopted by at least two authors the year after their first appearance. We 

therefore traced the life cycle of all new words after their first entry, and eliminated all new words 

that did not survive. We also control for the case of new words that appear at year k, disappear at 

year k+1 but then appear again at year k+m. These are included in the sample. In addition, we 

eliminated part of the random noise by cleaning new words that appear only once or twice.  

 

5.3 After-entry growth of new keywords 

 

Once we have identified the correct sample of keywords, it is interesting to trace their growth after 

entry and survival.  

The notion of proliferation suggests that, once a new discovery is accepted in the field, it may 

rapidly generate a large number of different research directions. These directions would be 

compatible with the initial discovery, and indeed be part of the same theory under the same 

paradigm, but then would depart significantly in terms of sub-theories or sub-hypotheses, loci of 

investigation, or experimental techniques.  



How could we identify and measure such proliferation pattern? Our idea is to trace over time the 

co-occurrence of new surviving keywords. The reasoning is as follows. Let us assume, from the 

previous discussion, that each surviving keyword is an (admittedly imperfect) indicator of a 

discovery, although a small one. If this discovery follows a convergent or confirmatory pattern, then 

the keyword will appear over and over again associated to the same set of other words. Over time 

the set of words describing the research direction would be stabilised. Only a few new words will be 

attached to the initial set during its life. 

On the contrary, if a discovery follows a proliferating or divergent pattern, then at each time there 

will be many other new words associated to the initial one. The initial word, in some sense, will 

spur the proliferation of many other research directions, which have nothing in common among 

them, or have only a small set of words in common, apart the initial one. 

Therefore an appropriate operationalization of the notion of divergence in science can be found by 

manipulating the co-occurrence matrix. 

However, building networks of co-occurrences of words in general would be misleading, since it 

would obscure the intrinsic dynamics of knowledge, as witnessed by the appearance over time of 

articles that bring with themselves particular combinations of keywords. 

We found that an appropriate measurement of diversity can be built by introducing the formalism of 

bipartite graphs. A bipartite graph is a graph in which two heterogeneous sets of nodes (or vertices) 

are included, and arcs (or edges) can only go from one type of node to the other, and never among 

nodes of the same type. 

We built a bipartite graph in which the two types of nodes or vertices are articles and keywords. An 

arc or edge is found when a given keyword is present in a given article. Let us order articles by age 

of appearance, and classify keywords as new and old, respectively, for each year of appearance. 

 

More specifically, for each year among 1990 and 2001, we have considered the graph 

 , ,t t t tG A W E , with 1990, ,2001t   , given by 

 articles published on year ,tA t  

 keywords appeared in the articles published in year ,tW t

     and    occurs in article .t t tE a w a A w W w a      . 

Table 1 shows quantities that characterize the graph tG  when t  varies. In Figure 1 we visualize the 

trend of these variables over time.  

With  tA

ah  and tW

wh  we will denote respectively the degree (the number of adjacent edges) of an 

article ta A  and the degree of a keyword tw W  in the graph tG .  



 

t   
tA    tW    tE    ( )to G    

1990  222  1,204  1,638  1,426   

1991  2,937  8,403  21,772  11,340   

1992  3,827  9,705  27,579  13,532   

1993  4,341  11,203  32,779  15,544   

1994  4,694  12,195  36,045  16,889   

1995  5,864  15,096  47,592  20,960   

1996  6,978  17,084  55,741  24,062   

1997  7,988  19,858  66,908  27,846   

1998  8,940  22,272  75,405  31,212   

1999  10,792  25,715  90,226  36,507   

2000  12,195  28,542  105,067  40,737   

2001  12,730  29,738  109,572  42,468   

 

Table 1. Characteristic quantities of the graph tG  when t  varies. In this case results  t t to G A W  . 
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Figure 1. Characteristic quantities when t  varies. Note that all magnitudes are increasing over time. 

 

The study of the one-mode projection of the graph tG  over tW  will be particularly important in our 

work. This projection represents the connections of keywords among them. We will denote with 

 ,W W

t t tG W E  the aforesaid projection and with 
t

wk  the degree of a vertex tw W  in the graph 
W

tG ;  

We will write 
A

ah , 
W

wh  and wk  when t  will be evident from the context. We observe that the number 

A

ah  is also the number of keywords present in the article a , while 
W

wh  is the number of occurrences 

of the keyword w  in a given year.  

From this formalization a measure of diversity that fully captures the dynamics of knowledge can 

be found. If a convergent pattern is at work, all articles containing the initial new word that appear 

over time will be associated to roughly the same set of words that were co-occurring in the initial 

article. In the limit, there would be no new words co-occurring with the initial set. If this were the 

case, there would be no correlation between the number of articles and their degree: the growth of 

knowledge takes place by increasing the number of articles without changing the total number of 

connections with the set of new keywords. Thus we have identified a theoretical minimum level of 

diversity: if there is no increase in diversity at all, we have zero correlation between the number of 

articles and the degree. 

Suppose instead we have a proliferation pattern. Each new article containing the initial new 

keyword contains also a totally different set of keywords, perhaps generated by the initial discovery. 

In the limit, all new articles share only the original keyword and differ from other articles for all 



others. If this is the case, the degree of articles grows in proportion to the number of articles, 

following a law of proportionality roughly given by the average number of keywords per article. In 

the limit case, there would be perfect correlation between the number of articles and the degree. 

We then have identified two theoretical boundaries for our measure, corresponding nicely to the 

extreme cases of convergent (lower bound) vs. proliferating (upper bound) dynamics. This is an 

important step for a rigorous treatment of diversity in science, beyond the traditional limits of co-

word analysis. 

We would say a given field is subject to proliferating dynamics if, empirically, the correlation 

observed between the number of articles and the degree is closer to unity than to zero; otherwise we 

would say a convergent pattern is in place. 

Note that this treatment assumes the probability to be close to zero or one is uniformly distributed in 

the interval. It is clear from theoretical reasoning that this is not the case. Given a finite number of 

keywords and the fact that each article contains many keywords, when the number of articles grow, 

there is diminishing probability that the set of keywords associated to all new articles is formed only 

by new keywords. Some new keywords will be inevitably shared among articles. This makes the 

probability to reach the upper bound of our measure of diversity much lower than the probability to 

stay on the lower bound. 

In any case, we start with a preliminary a priori assumption of uniform distribution, which might be 

substituted by a better calibration after the empirical findings. 

Clearly the demonstration of our claim would require to compare the proliferation measure in our 

field (nano S&T) with at least another field, say particle physics. This work is currently in progress. 

Calculating the matrices of co-occurrences, processing data per year and extracting the measures is 

indeed an enormous task, requiring months of machine time and a painful work of data cleaning. In 

this paper we offer preliminary evidence in the nano field. Given that results are striking and clear, 

we feel confident in supporting the claim. 

 

6. Main findings 

 

6.1 The industrial dynamics of new keywords 

 

Figure 2 shows the total number of new words appearing in the field of nano S&T in the period 

1990-2001. Several striking findings emerge.  



First, the total number of new keywords is very large and increases steadily over time. Even more 

than ten years after the establishment of the discipline, still the huge number of new keywords is a 

signal of turbulent dynamics of knowledge.  
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Figure 2. Survival of new keywords after entry 

Second, there is a tremendous mortality of new keywords after their first year of entry. Roughly less 

than 10% of new keywords survive the second year. This means that large part of introduction of 

new items do not survive the collective selection of the scientific community. Neither other 

scientists adopt the same word, nor the early proponent insists in using it repeatedly. The new 

keyword is simply not accepted or not found interesting. This is a beautiful demonstration of the 

collective nature of the scientific enterprise. 

Third, year after year the total number of surviving new keywords is set at a similar level, 

irrespective of the growth in the total number of authors, papers, and keywords. It seems there is a 

sort of absorbing barrier to the dynamic process of knowledge, whereby all novel things are filtered 

and the overall community is able to process only a relatively stable fraction of them. 

What data show is, indeed, a sort of industrial dynamics of science similar to the Schumpeterian 

innovation process (Wible, 1998; Shy, 2001; see also Bonaccorsi, 2007a). Scientists enter the field 

with totally new words, but the scientific community acts as a selective device to filter true novelty, 

even at the definitional level. Theories of change in science have correctly addressed the macro 

issue of acceptance of new theories and paradigms. We suggest there is also a less visible dynamics 

of micro acceptance of single pieces of evidence within established theories and paradigms. 

This analysis supports the methodological choice to eliminate all new keywords that do not survive 

and focus only on the subset of those that live many years. 

 



6.2 Pattern of proliferation 

 

In the dynamics of growth of our bipartite graph we are able to observe a very interesting 

phenomenon. If a keyword w  is associated to two different articles 1a  and 2a , and we indicate with 

1aW  and 2a
W  the sets of keywords present in 1a  and 2a  respectively, two extreme cases can be  

formally identified in the transition from 1W

wh   to 2W

wh  :  

1. It results that 1 2a a
W W  or 1 2a a

W W . This means that, in order to calculate the 

degree wk , it is indifferent that the keyword is connected to only one article or to both 

articles 1a  and 2a .  

2. It results that  1 2a a
W W w   and 1ia

W   for 1,2i  . It means that, in order to 

calculate the degree wk , the transition from 1W

wh   to 2W

wh   is highly relevant. 

These two are the limit cases of the phenomenon of overlapping inherent in the construction of the 

one-mode projection of the graph representing the growth of the network. In Figure 3 a 

visualization of this fact is offered.  

 

 

 Figure 3. Visualization of the bipartite graph and the one-mode projection of the two extreme cases of growth of 

the network. Initially  the keyword is connected to the article 2a . In case 1 we have  2W

wh   and 4wk  ; in 

case 2 we have 2W

wh   and 8wk  . 

 



Generally we have that, if the keyword w  is connected to articles 1a  and 2a , its degree is given by 

 1 2 1 2 1 2

1 2
1 1

a a a a a aA A

w a ak W W W W h h W W                   (1) 

 

Measuring the proliferation of a keyword is equivalent to studying the quantity 1 2a a
W W   . If the 

number of articles connected to the keyword w  is equal to n  (
W

wh n )  then we may apply the 

formula for the cardinality of the union of n  sets.  

Now we are able to introduce a first definition that is, in fact, a relative measure of the phenomenon 

of overlapping just described. 

  

Definition 1. If 1w  and 2w  are two keywords with 
1 2

W W

w wh h  and 
1 2w wk k , we say that 1w  is more 

proliferating than 2w .  

 

More generally we are able to track the dynamics of variables Wh  and k  over time and check 

whether there is time correlation between them.  

In Figure 4 we can observe the data related to the year 2001 and the curve that fits the relation 

among Wh  and k . The fitted curve is given by the equation 

 ( )W ck a h b    (2) 

where 14.3 0.6a   , 0.43 0.06b    and 0.78 0.03c   . Errors are given by the deviations of 

coefficients of the curve across years. 
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 Figure 4. Dynamics of degrees 
Wh  and k . 



 

We performed a partition of the set of all keywords in two classes:  

 the class A  of keywords with birth year smaller or equal to 1992;  

 the class B of  keywords with birth year greater to 1992.  

In Figure 5 we observe the dynamics of the two classes and their respective fitted curves. The two 

curves have just the same analytical expression given by Equation 2; they have approximately the 

same coefficients c , reported in Table 2.   

 

 

Coefficient Birth year 1992   Birth year 1992    

a   15.3 0.3   11.1 0.6    

b   0.54 0.02   0.11 0.06    

c   0.78 0.01   0.80 0.02    

 

 Table 2. Coefficients of curves that fit the dynamics of degrees 
Wh  and k  of two classes A  and B . 

We observe that the class A  curve lays above the class B  curve; then we can define another 

proliferation measure and we can say that A  is more proliferating than B .  

In Figure 5 the curves representing the two extremes of lower bound and upper bound are reported, 

as follows:   

1. Given a keyword, if we suppose that articles have an average degree dictated by the 

distribution of number of keywords per article and that the only overlap among articles is 

given by the original keyword itself, then the degree is given by:  

 9 Wk h   

2. If on the contrary we suppose that, for every new article connected to the original 

keyword there are only new keywords associated to it, then the degree is given by:  

 9 Wk h     
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Figure 5. Degrees of the network| in year 2001. Graph on the bottom is a zoom and shows more clearly the 

differences among the two curves. Limit cases are reported. 

 

Again, the evidence is clear and impressive. The curve associated to nano keywords lies close to the 

upper bound, or the theoretical maximum level. This means that the growth of knowledge is marked 

by the fact that new words, once entered the field and survived, co-occur with other new keywords 

year after year. The degree of the projection of the bipartite graph grows in proportion to the 

number of papers.  

This pattern cannot be generated randomly, because if this were the case the keywords co-occurring 

with the surviving ones would be extracted from the overall population, hence mainly from old 

ones, not new ones. We interpret this pattern as the proliferation of new words, many of which 

generate other new words during their survival and growth. 

This pattern is also markedly different from the well known pattern of specialization discussed in 

the scientometric literature. If we were observing just a process of progressive specialisation after 

the entry of new fields, then words would cluster together, showing a repeated co-occurrence of 

groups of words. If this were the case, then new words would end up in co-occurring with old words 

with high probability, which is what we do not see in our data. 

We propose that what we see in data is interpreted as a manifestation of a proliferation dynamics. 

 

6.3 Pattern of collective growth of new keywords 

 



Finally, we are able to observe the overall growth of new keywords across the whole period. We 

trace the growth in size of each keyword (=the total number of occurrence) as a function of the year 

of entry (vertical axis) and of age (horizontal axis). 

Figure 6 shows the overall pattern. Two findings are relevant. First, only keywords born in the 

initial period of the nano S&T field grow very large. Second, among the very large keywords we 

find two opposite cases: generic words and highly specific words. The former are clearly not new in 

the absolute sense. The latter, on the contrary, are totally new words, representing major 

breakthroughs in scientific discovery, giving origin to many research directions in a proliferating 

way. 
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Further work will be needed to examine the co-occurrences of these generative words at individual 

level and to trace the proliferation dynamics not at aggregate level, as we did here, but at a smaller 

scale. 

 

7. Conclusions 

 

This paper is exploratory. We started from conceptual analysis of the growth of diversity in science 

and tried to operationalize and measure the concept. The theory of bipartite graphs offered a natural 

context to develop a rigorous definition and to test a measure. We tested this measure in the field of 

nanoscience and nanotechnology, with many interesting findings. 

This emergent discipline is subject to a turbulent dynamics, growing both in size and diversity. 

Knowledge produced in this field is rarely of a confirmative type, but rather is generative of many 



sub-directions of research, bringing high diversity into the field. The dynamics of search looks more 

like ants scattered over the ground looking for dispersed food, rather than ants walking in lines over 

a few directions looking for large chunks of food. 

The implications of these measures and findings are important in various directions. 

With respect to epistemological discussions on change in laboratory sciences, we have raised the 

issue of small scale change, or increase in diversity that takes place within existing paradigms. This 

change does not affect grand theories, but articulates significant variation and diversity at lower 

levels of generality, in sub-theories or sub-hypotheses, as well as in the experimental setting. 

Nanoscience and technology is a case in point. There has been some debate on whether nano is 

indeed a new paradigm, or just a relabeling of existing research in different fields. 
9
 As a matter of 

fact, nano research shares a common explanation rooted in quantum physics and a common set of 

fundamental experimental tool, such as Atomic Force Microscope and Scanning Tunelling 

Microscope. After a decade of turbulent growth, many authors believe it has consolidated as a 

paradigm distinct from matter physics, on one hand, and chemistry, on the other hand. It is true that, 

from a laboratory point of view, that in this field there are at least two experimental approaches, one 

originated from chemistry, working on the construction of nanomolecules bottom up, following 

catalysis or other chemical processes, the other rooted in physics and engineering, in which 

nanostructures are built top down, by subtracting materials from a larger structure. Still, within 

these common paradigms a huge degree of diversity is generated. This does not raise issues of 

kuhnian paradigmatic change, but rather of how large diversity can be hosted within any given 

paradigm.  

With respect to scientometrics, we give a contribution to the literature on mapping scientific 

dynamics by introducing a new formalism based on bipartite graphs. Instead of focusing on clusters 

of keywords in order to delineate new fields, we develop a measure based on the structure of the 

dynamic links between papers and new keywords, ordered by age. This measure turns out to have 

lower and upper bounds, giving strong grounds to the theoretical interpretation. Further, this 

measure, being based on the collective dynamics of science, is robust to classical difficulties in 

profiling detailed sub-fields in new disciplines. An interesting development would be to classify 

keywords according to the taxonomy of dimensions of laboratory science proposed by Hacking 

(1992) and derive maps of diversity along the various dimensions. 

Finally, there are also institutional and policy implications. What happens if a given discipline or 

field becomes subject to an accelerating and proliferating pattern? Are conventional institutions able 

                                                 
9
 See for example the Special Issue of Research Policy (2007), edited by Larry Bozeman and Vincent Mangematin. 



to cope with such a turbulent dynamics? Are  priority setting systems, mechanisms of funding, rules 

for institutional collaboration, career patterns or the like able to match the features of the field? 

This question is a difficult one and is attracting recent interest in both research and policy making. 

10
 It has recently been suggested that European science, at a broad level, failed to cope with those 

emergent sciences in the last part of XX century that have experienced the proliferation pattern of 

growth, such as life sciences, information sciences, or materials sciences (Bonaccorsi, 2007b). Nano 

science is the last in scientific progress that has experienced turbulent dynamics. It will be an 

interesting natural experiment to observe the performance of European science in this field vis-à-vis 

USA and Asia. 

                                                 
10

 In May 2007 the German Presidency of the European Union organized a workshop jointly with the PRIME network 

(ERA Config project) to discuss the institutional and policy implications of accelerating scientific dynamics. A careful 

case study on chemistry was presented, which showed different institutional configurations with respect to the overall 

discipline for sub-fields interested by accelerating dynamics, as in the case of catalysis and biocatalysis. 
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