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A B S T R A C T

The regional capability of performing front-running research and technological development has been identified
as a necessary condition for future wealth creation. The quality and amount of scientific capabilities in specific
fields vary dramatically across different world regions. Capabilities, knowledge, and skills are embodied by
scientists working in research institutions or companies. The conditions for the emergence of a leading regional
scientific environment – and the resulting early technological leadership – are poorly understood. The existence
of a critical mass – the threshold above which a region can build comparably strong scientific capabilities –
of scientists is often assumed. Using a unique dataset of global scientific activity and researcher mobility over
several decades, we present empirical evidence in three scientific areas (semiconductor research, embryonic
stem cells, and Internet research) that the process of scientific knowledge accumulation is remarkably general
and applies to practically all regions. Regional knowledge accumulation data obtained from an analysis of
scientists’ geolocated trajectories follow a preferential attachment mechanism characterized by a sub-linear
kernel with a robust growth exponent. Scale-free growth patterns suggest that regions that move early into
new technologies tend to dominate the corresponding scientific fields. We find no evidence that critical mass
is required to achieve prolonged scientific dominance. We propose a simple preferential attachment model
that explains the empirical data and allows us to understand deviations from the growth exponent as focused
interventions to strategically attract scientists at regional level. We demonstrate this explicitly for China in the
three scientific fields examined.
1. Introduction

It has long been known that a region’s ability to attract scientists
is key to its future scientific and economic development [1]. Far
less is known about how new fields of science are created and how
a leading edge is achieved, established, and maintained. Are there
optimal strategies for regional institutions and stakeholders to achieve
global leadership and thus economic benefits? In this context, the
success story of Silicon Valley comes to mind, in particular, what
led to the development of semiconductor science that later made the
region the largely unchallenged leader in these technologies for many
decades [2]. Why could not other regions do the same? To explain
what it takes for regions to accumulate scientific capacity and sustain
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decades of dominance, it is often argued that a minimum number of
researchers is required to grow and create a self-sustaining capacity-a
critical mass [3,4].

Global scientific mobility and international collaboration [5] further
reinforce the spatial concentration of knowledge, favoring regions that
are becoming major scientific hubs [6]. Silicon Valley is often cited as
a canonical example of the regional growth and dominance of high-
tech industry and scientific knowledge. It developed in the 1950s when
the U.S. military nurtured companies in the state of California with
multibillion-dollar contracts. Electrical and electronics companies then
settled in Santa Clara to take advantage of the city’s location near
defense-related aircraft, missile, and space markets [2]. Before this,
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Fig. 1. Regional evolution of the number of in-flowing researchers into the field of semiconductors in the US (height of bars) Panels A–D correspond to time periods 1954–1970,
1970–1986, 1986–2002, and 2002–2020, respectively. In the fifties and sixties, only the Boston area plays a role, some researchers are present in Chicago and Silicon Valley. From
the seventies on, the Boston area and Silicon valley are dominant; other regions are building up some expertise but never get into a position of becoming a challenger. The five
colors (blue, orange, purple, green, and red) indicate steps of 20% of the aggregated sum of authors’ flows value of the inflows at each time period. The respective maximum
values for panels A–D are: max = 57, 207, 1086, and 8270. For the definition of a region, see methods Section 4. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
the San Francisco Bay Area was already a place where the electronics
industry existed, which shows that the Bay Area needed some time to
build momentum [7]. While there is little doubt that Silicon Valley
has evolved from a productive environment to one of the leading areas
for high-tech industries and scientific knowledge, producing important
new technologies and industrial clusters, the underlying mechanisms
and critical parameters for this development are still unclear.

With ever more complete bibliographic databases available, it is
possible to reconstruct the historical buildup of regional capacities in
specific fields in all regions of the world. This is possible by recon-
structing the mobility of individual scientists and their productivity
in terms of individual papers in specific scientific fields [5,8]. Re-
searchers can be reliably tracked in time and space by the publication
date of articles and the history (temporal sequence) of the affilia-
tions where they produced their scientific output. Recent advances
in bibliographic databases have also greatly improved the consistency
and quality of metadata extracted from publications, with particular
attention to author-affiliation links [5,8].

Here, we use the Dimensions database, see Appendix A. It con-
tains millions of publications and data spanning several decades. The
database includes about 20 million disambiguated researchers associ-
ated with a researcher ID. The database contains links to the Global
Research Identifier Database, which currently covers more than 98,000
research institutions worldwide [9,10]. Dimensions currently covers
more local journals than any other large-scale bibliographic database
such as Web of Science or Scopus. Its broader scope allows us to include
more organizations with better local resolution [9].

With the Dimensions dataset, we can reliably reconstruct the changes
in affiliations of all researchers in a specific field and infer how they
move between geographic regions. We can see which region attracts
researchers with certain scientific skills in a time-resolved manner. We
see how quickly different regions accumulate specific types of skills
over time, which allows us to define regional growth rates of scien-
tific skills. A schematic picture of semiconductor researchers moving
into different regions over seven decades is shown in Fig. 1. The
reasons why researchers switch locations are plentiful. In addition to
the attractiveness of a region and the everyday surroundings, the sci-
entific environment and the innovation potential also play an important
2

role [6,11]. This also includes the number of scientists already present
in a region [12].

This paper studies the growth mechanism leading to the observed
temporal and regional distributions of accumulated scientific skills
in three specific scientific fields: Semiconductor Research, Embryonic
Stem Cells, and Internet Research. We identify the underlying mecha-
nism as the so-called ‘‘rich-get-richer’’ effect and find no evidence of
a critical mass of scientists. In particular, in our analysis of empirical
flows of scientists (and their skills), we find strong evidence for a sub-
linear preferential attachment (PA) growth mechanism, meaning that
a region becomes increasingly attractive to scientists as the number of
existing scientists in a field increases.

Preferential attachment mechanisms (or rich-get-richer or Mathew
effect) have been identified in a wide variety of social [13–16] and
network phenomena [17–19]. For a given quantity of interest (integer),
𝑥(𝑡), at time 𝑡, growth following a PA mechanism means that the
probability of the quantity gaining one unit within the next timestep
is

[𝑥(𝑡 + 1) = 𝑥(𝑡) + 1] ∝ 𝑥(𝑡)𝛼 . (1)

Preferential attachment can appear in linear, sub- and super-linear
versions, depending on whether the growth exponent 𝛼 = 1, 𝛼 < 1,
or 𝛼 > 1, respectively. Sub-linear PA growth has been reported, for ex-
ample, in the actor collaboration network and scientific co-authorship
networks [18,19], as well as in the friendship network formation in
a massive multiplayer online computer game [20]. The microscopic
mechanisms underlying a sub-linear PA dynamics may be of various
types, for example it could be an ageing effect, where scientists prefer
newborn institutions, or it could be a fitness-related attachment, where
researchers prefer institutions with a high impact, or it could be hiring
selection rules, where institutions may lower the entry requirements for
the candidates. A few publications consider these effects in their mod-
eling efforts [21–24] but do not explicitly relate them to a sub-linear
effective PA kernel. In our context we observe that a PA mechanism
does not need the knowledge of the entire network for the researchers
to move to a region. Picking random scientists (colleagues) and copying
their behavior leads to a PA dynamics. In our study, we do not consider
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Table 1
Descriptive features of the data set used in the three studied scientific fields.

Semiconductors ESC Internet

Starting year 1941 1941 1956
End year 2019 2019 2019
Researchers 2,011,170 752,575 109,098
Articles 5,062,639 1,083,100 246,953
Regions 1633 1161 1032
Heaps’ exp. 𝛾 0.39 0.37 0.48
PA exponent 𝛼 0.79 0.84 0.79

the details of the causes leading to an effective power-law sub-linear
PA. We focus on how to measure it and demonstrate its importance for
explaining the regional growth of scientific fields.

To test if the conclusion of an underlying effective sub-linear PA
mechanism is valid, we design a simple global model of the regional
attractiveness of regions to scientists. The model not only replicates
the empirical frequency distribution of researchers in different areas
but also helps us understand the peculiar behavior of regions that are
late adopters of new scientific fields. We illustrate the case of late
adopters in the context of semiconductor research, where Silicon Valley
intellectually dominated the scene for a long period, from the end of
the 1940s on [25]. Only very late China entered the scene, starting in
the early 1980s.

From 2006 on, China became the most dominant player in semicon-
ductor research, also thanks to the Chinese ‘‘Medium- and Long-Term
Plan for the Development of Science and Technology’’ [26]. We find
that the cumulative number of scientists moving to China and pub-
lishing scientific papers exceeds those of California from 2007 on.
Understanding how this take-over was possible needs special attention
— a naive explanation with PA growth will not be sufficient. Change
of leadership is only possible if special action is taken to locally change
the PA mechanism with the help of strategic interventions that make
regions radically more attractive by investments in technology [27] or
research and development [28]. We show that our model can imple-
ment these interventions and we quantify how large these efforts have
to be to allow regional latecomers to become dominant.

2. Results

We first characterize the mobility of scientists, in particular the
growth (and change) of numbers of scientists of a given field working
in different world regions. This is based on analyzing the temporal
sequences of their publications and affiliations. We define a region
as the first-level administrative division of a country. In the case of
the United States, such a region corresponds to a state. For the data
collection procedure, see Appendix A; for an overview of the data set,
consult Table 1.

To arrive at a practical data structure for the analysis, we define an
event, 𝐸(𝑇 ), as a publication of an article in a given field of research
t time 𝑇 (date of publication) by a scientist. It consists of four entries,

𝐸(𝑇 ) = (𝑆,𝑅, 𝑇 , 𝐹 ), the scientist, 𝑆, the region, 𝑅, with the condition
that 𝑆 has published in the region 𝑅 for the first time (i.e., the pair
(𝑆,𝑅) has never occurred before, and the scientific field is 𝐹 . We skip
an event for which this condition is not fulfilled. We ensure that we
only record the scientists that move into a new region or who start their
careers. Our work focuses on academic mobility from the perspective
of receiving countries and regions. Since we mainly focus on how
regions receive new people in specific scientific domains, we do not
account for returned mobility (i.e., people who return to a location
where they previously have become ‘‘attached’’ to). Post-migration
retention, attrition, and returning are highly significant dimensions of
the knowledge transfer equation and are ideal for follow-up studies
focusing on questions of brain circulation and strategies to mitigate the
3

effects of brain drain. We do not deal with these themes here. 𝑃
Table 2
Sequence of publication events, 𝐸, in the field of physics. Intrinsic time increases by one
each time a scientist publishes an article in a given region for the first time. From this
data, all necessary sequences can be extracted. In the specific example, Bob has already
published in Arizona at intrinsic time 𝑡 = 2, so all his future publications in Arizona
no longer appear in the stream. Using initials for regions, this example generates the
regional stream,  = (𝐴,𝐴,𝐴, 𝐶, 𝐴,𝐷, 𝐶).

Paper Real intr. Scientist Region Field
time time

Article 1 1960 1 Alice Arizona phys.
Article 1 1960 2 Bob Arizona phys.
Article 1 1960 3 Charlie Arizona phys.

Article 2 1961 4 David California phys.

Article 3 1961 – Bob Arizona phys.
Article 3 1961 5 David Arizona phys.

Article 4 1962 6 Alice Delaware phys.

Article 5 1963 – Bob Arizona phys.
Article 5 1963 – David Arizona phys.
Article 5 1963 – Alice Arizona phys.

Article 6 1964 7 Bob California phys.

One publication may generate multiple events according to the
number of scientists in the author list. Here, we consider a full counting
of all authors and their affiliations (and regions) recorded in the pub-
lications. Note that a ‘‘fractionalization’’ of researchers’ and regions’
contributions to papers, where researchers and regions are assigned
a relative weight, makes little sense in the present context since we
build sequences of events. Moreover, fractional counting is usually not
considered when the analysis is conducted for a single discipline, nor
when studying mobility flows, as in our case [29–31]. After sorting
events, 𝐸(𝑇 ), ascending in time, we get a sequence, 𝐸𝑡, where 𝑡 is an
ndex that indicates the event’s position in the sequence. We call 𝑡 the
ntrinsic time. For every index, 𝑡, there is an associated time, 𝑇 , given by

non-decreasing function 𝑇 (𝑡). Intrinsic time is a convenient way for
reating sequences of events whenever their rate of appearance in real-
ime is not constant. This is indeed the case since, in most fields, the
umber of published articles increases exponentially in real-time [21],
nd, correspondingly, the real-time difference between two consecutive
rticles decreases exponentially. We can consider the derivative of
ntrinsic time with respect to real-time, as a proxy for attractiveness of
ew locations. We increase intrinsic time whenever someone moves to a
ew location in their life. This means that the field has to be sufficiently
ttractive to justify a person with their family to move or to justify
he addition of a new affiliation to one’s list. From the sequence, 𝐸𝑡,
e extract the corresponding sequences of regions, 𝑅𝑡, which we call
egional stream, . For example, see Table 2.

Given a regional stream, one defines two useful quantities. First, the
umulative number of new scientists who moved into the region 𝑖 (or
tarted their publishing career there), before time 𝑡

𝑖(𝑡) =
𝑡

∑

𝜏=1
𝛿(𝑅𝜏 , 𝑖) , (2)

here 𝛿(𝑥, 𝑦) is the Kronecker symbol, 𝛿(𝑥, 𝑦) = 1 if 𝑥 = 𝑦 and
ero, otherwise. The second quantity is the number of different regions
ppearing in the regional stream before time 𝑡

(𝑡) =
𝑡

∑

𝜏=1
𝛿(𝑘𝑅𝜏

(𝜏), 1) . (3)

(𝑡) is the number of regions appearing at least once and resembles the
‘regional diversity’’ of a field. We only focus on the number of papers
ublished within a region and ignore their impact and quality.

he sub-linear PA kernel. From the time evolution of the quantities,
𝑖(𝑡), we can estimate the probability for a scientist to move to a new
ocation of work (and publish there for the first time) that has already
ad 𝑘 scientists up to time 𝑡 − 1:

[ ]
𝑘(𝑡) =  𝑘𝑖(𝑡) = 𝑘 + 1 ∣ 𝑘𝑖(𝑡 − 1) = 𝑘 . (4)
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Fig. 2. Growth statistics of the three fields. Panels A-C show the probability for
a scientist to move into a region where 𝑘 researchers are present. The attachment
probability, 𝑃 (𝑘)∕𝑃 (1) (PA kernel), (blue) shows a sub-linear power-law increase as a
function of 𝑘. The least-square fits are shown in red, the black line indicates the linear
exponent, 𝛼 = 1. (A) shows the case for semiconductor science, B for ESC, and (C)
for Internet research. For the sake of readability, in panels A-C we show only data
for small 𝑘 where we find an approximately linear relation in the log–log plot. We
do not show data for 𝑘 > 200 where curves drop due to insufficient statistics. Panels
D–F shows the increase of regional diversity, 𝐷(𝑡), occurring in the regional stream, ,
as a function of intrinsic time, 𝑡 (blue). After an initial transient, 𝐷(𝑡) approaches an
approximate power-law (Heaps’ law). (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)

For simplicity, we assume that 𝑃𝑘(𝑡) does not explicitly depend on time,
𝑡, but on the number of occurrences, 𝑘, of the regions in the regional
stream, and we write 𝑃𝑘(𝑡) ≈ 𝑃 (𝑘). We will see that this approximation
already explains the experimental data well. We estimate 𝑃 (𝑘) with
the running histogram method [18], briefly described in the methods
Section 4.

In Fig. 2 panels A, B, and C, we show the empirical settlement prob-
abilities, 𝑃 (𝑘), for a scientist (in the fields of semiconductor research,
embryonic stem cells, and Internet research, respectively) to move to
a new location of work and publish there for the first time — as a
function of the number of scientists who already work in that region, 𝑘.
The probability is normalized by 𝑃 (1); we call 𝑃 (𝑘)∕𝑃 (1) the effective
attachment kernel [32].

Clearly, with increasing numbers of already present scientists, a
power-law increase of the attachment kernel is visible. The attachment
exponents, defined in Eq. (1), are 𝛼 ∼ 0.79 for semiconductor and
Internet research, and 0.84 for ECS (see Table 1). For reference, the
black lines indicate the linear PA mechanism, i.e., 𝛼 = 1.

Panels D, E, and F of Fig. 2 show the number of different regions
appearing in the stream 𝐷(𝑡) as a function of intrinsic time. After a
brief linear transient that ends around 𝑡 ≈ 100 publications in all three
fields, 𝐷 increases as a power-law, 𝐷(𝑡) ≈ 𝑡𝛾 , with 𝛾 < 1. The initial
linear growth, which is the fastest growth possible in intrinsic time,
reflects the fast diffusion of the three scientific fields across the world
at their onset. As time goes on, the initial constant rate, 𝑑

𝑑𝑡𝐷(𝑡), turns
into a time decreasing regime with an exponent 𝛾 − 1. We observe no
saturation effects at high intrinsic times despite the number of different
4

Fig. 3. Panels A and B show the cumulative number of scientists coming into a region
(lines) in intrinsic time in semiconductor research; (A) shows the 10 most visited
regions. Most regions grow sub-linearly. Chinese regions are shown with red thick lines
and increase super-linearly. In (B), we see 11 poorly visited regions ranked from 700 to
710 regarding the number of scientists. Curves are (additively) shifted to the left so that
their first point is placed at coordinates (1,1); In both (A) and (B), the green straight
lines on the top represent the linear regime. (C) Histogram of growth exponents, 𝜂,
for all regions; (D) Growth exponents, 𝜂, of all regions, 𝑖, as a function of their entry
time, 𝑡𝑖 (intrinsic time). Note that Chinese regions (red) come in late (after timestep
105) and have higher exponents than other regions (blue). (E) Growth exponents, 𝜂, as
a function of the cumulative number of scientists in 2019, 𝑘f inal. The high exponents
of Chinese regions are visible (red). (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)

regions in the three cases has crossed (semiconductors, embryonic stem
cells), or is close to (Internet), the 50% of the total number of regions
in the world, i.e., 2092 in the year 2019.

A power law increase in novel entries in a stream has been associ-
ated with the existence of the so-called Heaps’ law that often appears in
evolutionary time series [33–37]. In the present case, Heaps’ law shows
how fast a new scientific field spreads in regions around the globe.

Growth of regional capacity. In Fig. 3, we show the cumulative
number of semiconductor scientists working in several selected regions
in intrinsic time. We do not distinguish those scientists leaving a region
for a new one from those who start in a region for the first time
in their career in the semiconductor field. We fit with a least square
procedure the regional growth curves with 𝑘(𝑡) ∼ 𝑡𝜂 , where 𝜂 is the
growth exponent, that can be interpreted as the regional growth capability.
In all the three scientific fields we find 𝑅2 > 0.9 for the 𝜂 fits, with very
few values between 0.85 and 0.90.

In panel A, every curve represents a region that belongs to one of
the 10 most successful ones (cumulative number of scientists in the
order of 105). Most curves grow sub-linearly with the exception of the
three regions in China (denoted by CN.{04,22,23}); these grow faster
than linear (left-bent). Both California (US.CA) and England (GB.ENG)
have an exponent of approximately 0.8 (yellow and green curves
practically overlap), while the Chinese region around Beijing (CN.22)
shows an exponent of about 1.8. This means that Chinese regions follow
a very different growth pattern. Note that Chinese regions entered
the scene only after about 90,000 papers were published in the field,
corresponding to the year 1977.

In panel B, we show the growth curves of 11 low-ranked regions
(rank 700–710). These all have a final cumulative number of scientists
of about 120. All of them grow super-linearly with an exponent of
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approximately 1.6. The general trend is that well-established regions
in a field generally grow sub-linearly (curves bent to the right), while
late adopters grow super-linearly.

Fig. 3C shows the histogram of the growth exponents, 𝜂, for the
semiconductor case. We find a distribution with mean 𝑚 = 1.55,
standard deviation 𝑠 = 0.69 and skewness 𝑏 = 1.52. For the other fields
the situation is similar: Internet: 𝑚 = 1.36, 𝑠 = 0.59 and 𝑏 = 1.48;
embryonic stem cells: 𝑚 = 1.56, 𝑠 = 0.86 and 𝑏 = 1.73.

In Fig. 3D we show the growth exponents, 𝜂, of all world regions,
𝑖, as a function of their entry time, 𝑡𝑖, defined as the time (measured
in intrinsic time) at which a region appears in the affiliation list of an
article for the first time. Exponents are larger the later a region enters.
Late adopter regions seem to bring in scientists faster than regions
where the field started. Yet, in most cases, higher exponents are not
enough to catch up and challenge the leaders in the field. Chinese
regions are marked in red. They come in late (105) and have exponents
higher than other regions (blue).

Finally, in Fig. 3E we see the regional growth exponents, 𝜂, as a
function of the cumulative number of scientists up to year 2019 in a
region, 𝑘f inal. The visual general decay means that the more scientists
are present in a region, the lower is its growth capability. Note again
the exceptionally high growth exponents for the Chinese regions.

Relations between the three exponents. The exponents 𝛼, 𝛾, and 𝜂
are related. The corresponding functional expressions can be estimated
with simple reasoning, see Appendix B, or are obtained through an
approximate analytic solution of the model, see Appendix C.

A simple generative model. To understand the observed statistical
features presented in Figs. 2 and 3 we devise a simple model. We
first specify a scientific field, e.g., semiconductor research. We use the
empirical regional stream, , as the baseline to build a new synthetic
stream, . We start at 𝑡 = 0 with the first region, 𝑅0, where a scientist’s
affiliation in an article appeared for the first time. We insert this region
in  as its first element 𝑆0. For each following intrinsic time, 𝑡 > 0, we
add an element 𝑆𝑡 in  in the following two ways according to whether
𝑅𝑡 has already appeared in  or not:

• if region 𝑅𝑡 has never appeared in  before, i.e., 𝑘𝑅𝑡
(𝑡) = 1, we

also insert it in , so that 𝑆𝑡 ≡ 𝑅𝑡;
• if region 𝑅𝑡 has already appeared in , i.e., 𝑘𝑅𝑡

(𝑡) > 1, we
randomly select a region 𝑠, from those regions already in the
stream , with a preferential attachment probability

𝑃𝑘(𝑡) = 
[

𝑘𝑠(𝑡) = 𝑘 + 1 ∣ 𝑘𝑠(𝑡 − 1) = 𝑘
]

= 𝑍−1𝑘𝛼 ,
(5)

where 𝑍(𝑡) =
∑𝐷(𝑡)

𝑠=1 𝑘𝛼𝑠 (𝑡) is a normalization term. In other words,
we choose regions with a probability proportional to a power, 𝛼,
of their number of occurrences in  until time 𝑡 − 1.

Since the entry times of new regions in the two streams,  and ,
are the same by construction, the number of different regions in time,
𝐷(𝑡), coincides in the two streams, meaning that also Heaps’ law is the
same (Fig. 4B). The model has one free parameter, the PA attachment
exponent, 𝛼, of the sub-linear PA mechanism. Note that this model is
similar to the one presented in [38] where, however, the PA was linear.
The model can be approximately solved analytically; see Appendix C.

For the bulk of the model simulations, we chose 𝛼 as measured in
the data, i.e., 𝛼 = 0.79, 0.79, and 0.84 for the Internet, semiconductors,
and stem cell areas, respectively; see Table 1. For this choice, a run of
the model for the semiconductor research followed by a simple linear
regression yields 𝛾 ≈ 0.39 and 𝜂 ≈ 0.74.

Understanding exceptional super-linear regions. To model the ex-
ceptional super-linear growth of Chinese regions in the field of semi-
conductors, visible as the red curves in Fig. 3A, we use as an input a
slightly larger PA exponent 𝛼CN = 0.915 for these regions only, while
for all the other regions we keep 𝛼 = 0.79, see the methods Section 4.
5

Fig. 4. Comparison of model results (red) with experimental data (blue) for the field
of Semiconductors. (A) PA kernel; data and simulation practically coincide; the black
line depicts a linear kernel. (B) Heaps’s law; the two curves coincide by construction.
(C) Histograms of the regional growth exponent, 𝜂. Simulations show a slightly higher
mean. (D) Exponents, 𝜂, reproduce the empirical increase as a function of entry time.
(E) The decrease of 𝜂 as a function of the cumulative number 𝑘f inal of scientists in
the year 2019 is well captured by the model. Note the fact that Chinese regions
(orange circles) are predicted with higher than usual values. (F) Also, the frequency-
rank distributions of the regions appearing in the two streams practically coincide
except for very small ranks. In panels C, D, and E, only regions with 𝑘f inal > 100 are
taken into account. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

In Fig. 4, we compare the model results (red) with the empirical
data (blue). In panel A, we show the PA kernel, as in Fig. 2, panels
A, B, and C. In the simulation, we use the empirical value of the PA
exponent of 𝛼 = 0.79 for all the 1633 regions (except the 31 Chinese
regions for which we use 𝛼CN = 0.915). The two curves almost coincide
even for 𝑘 > 60, i.e., outside the interval used to fit 𝛼. This confirms
the goodness of the fit.

In Fig. 4B, we plot the number of distinct regions, 𝐷(𝑡), as a function
of intrinsic time, in the regional, , and the synthetic stream, . Since
the entry time of new regions is the same in both streams, the two
curves are identical.

Fig. 4C compares the distribution of the growth exponents, 𝜂. In
the simulation, the distribution has a somewhat higher mean than the
data and lower skewness; we get mean 𝑚 = 1.63, standard deviation
𝑠 = 0.49 and skewness 𝑏 = 0.28. For the data we found 𝑚 = 1.55,
𝑠 = 0.69 and 𝑏 = 1.52. The model under-populates the large exponents
and underestimates the small ones.

In Fig. 4D, the growth exponent at the entry time of a given region
is plotted against the entry time in intrinsic time. The simulation results
explain the data, particularly that latecomers tend to have higher
growth exponents.

Fig. 4E shows the comparison for the growth exponent, 𝜂, as a
function of the cumulative number of researchers in a region in 2019,
𝑘f inal. The more scientists are present, the smaller the growth exponent.
Fewer scientists correspond to higher entry times and, thus, to higher
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exponents. The red circle marks the Chinese regions in the model
to which we assigned higher 𝛼 values. Also, for these, the model
practically reproduces the data.

Finally, Fig. 4F gives the frequency rank distribution of the regions
appearing in the two streams. The model also reproduces the distribu-
tion obtained from data well. A consequence of a sub-linear PA is that
the corresponding frequency-rank of the cumulative number of distinct
scientists who worked in a region is not an exact power-law [17] – a
fact that we hereby verify.

In Appendices E and F we show the results for the embryonic stem
cells and Internet research in the same manner as in Figs. 3 and 4.

3. Discussion

Using metadata from scientific publication databases, we recon-
structed the regional cumulative number of publishing scientists across
the world regions. We find that researchers tend to move to regions
according to a sub-linear PA mechanism, where the settling probability
for a region is proportional to a power of the cumulative number
of scientists already working in that region. In other words: We find
evidence for the rich-get-richer phenomenon of scientific mobility of
a sub-linear type. This means that regions that move early-moving
are likely to dominate the field (or become one of the few dominant
regions) and then retain that dominance for a long time.

We find power-law-like regional growth curves that indicate the
absence of any specific scale that would reflect the presence of a critical
mass. We find no signs of a critical mass (or density) of scientists in a
particular topic necessary before the field takes off regionally; a simple
PA model is sufficient to explain the main features of the data.

The number of researchers in early-moving regions tends to grow
sub-linearly in intrinsic time. The more researchers there are, the lower
the regional growth rates. Latecomer regions, which start attracting
researchers at a later stage (after the first several hundred articles
have been published), are characterized by a number of researchers
that can be several orders of magnitude smaller than that of pioneer
regions. We find evidence that latecomer regions tend to grow faster,
typically even superlinearly, in their initial phase, but with numbers so
small that they can practically never even approach dominance. The
exponents of regional growth increase with the delay of entry into the
field relative to the age of the discipline. Since regions that have been in
research for a long time have higher cumulative numbers of scientists
than regions that enter late, regional growth exponents tend to decrease
as more scientists populate the region. We demonstrate the existence of
the same generic mechanism in three different scientific domains over
many decades.

For these three domains, we find that Chinese regions behave
differently from all the others. They do not follow the sub-linear growth
of the pioneering regions but grow super-linearly (in intrinsic time),
starting after 500,000 articles have been produced in the field. This
suggests that Chinese regions follow a different pattern. The simplest
way to explain the differences is to assign them a higher PA expo-
nent — still being sub-linear. This means that as compared to the
other regions, Chinese ones attract scientists with higher probability.
We speculate that Chinese regions become more attractive thanks to
strategic efforts, including proactive hiring policies, massive funding,
and by training a huge reservoir of scientists abroad and bringing them
back. We emphasize that the PA exponent does not depend on the
multiplicity of Chinese scientists (population effect) since it determines
how researchers attach to a region. In the first approximation, the PA
mechanism does not depend on the number of attaching nodes. Of
course, there could be an indirect effect by which the high number of
scientists requires the introduction of ad hoc policies. Fig. 3E shows how
the growth exponents decrease with the final number of scientists, with
Chinese regions being the outlier red circles. Introducing a higher PA
exponent for Chinese regions in our model yields the correct massively
6

larger growth exponents, 𝜂, that are observed. The deeper reasons
why Chinese regions behave differently by attracting researchers more
strongly than others – still under a PA scheme – have to be investigated
in future research.

Note that the study considers all regions as having the same PA
exponent, except for the Chinese regions that have a larger one. This
is a gross simplification. However, it still explains the data reasonably
well. Nevertheless, the shortcoming of identical exponents should be
addressed in future work by a more precise description that assigns
different exponents to different regions, ideally on an empirical basis.
How this can be done is not so clear.

Finally, we mention that, remarkably, we find that the rate at which
regions join a specific field follows an approximate power-law. This
feature has been referred to as Heaps’ law that occurs in numerous
evolutionary processes [33–35,37]. Heaps’ law is intimately connected
to the idea of the adjacent possible [36], where the discovery of
new things or ideas leads to other discoveries and results that were
impossible to achieve before [39].

In summary, our simple PA model captures the essence of the un-
derlying preferential attachment process. To a large extent, it explains
the empirical data of the historical evolution of the three studied
disciplines. It captures both the growth of scientific capacity in indi-
vidual regions and the observed super-linear initial growth of latecomer
regions. The model is simple enough to be analytically tractable, which
allows for a detailed understanding of the relations between the three
power-law exponents involved in the process. In particular, it explains
why faster growth of latecomer regions is observed.

The popular explanation that attaining (or catching up to) lead-
ership in a scientific discipline requires building a critical mass of
scientists is not supported by data on scientific mobility. We conclude
that there are two ways to secure leadership and scientific dominance in
a field: One is to have a strong presence among the earliest and earliest
players, which is entirely consistent with the theory of increasing
returns [40]. The other is to ensure the continuation of exceptionally
high, superlinear growth rates through strategic interventions that must
be sustained over long periods of time (decades). The latter has been
most evident in some areas of Chinese science: The beginning of the
catch-up process in the late 1970s led to a dominant role today.

4. Methods

Estimating the PA kernel. We estimate the PA attachment proba-
bility, 𝑃 (𝑘), by means of a method originally devised for co-authorship
networks [18]. Following this method, we go through the regions in the
time-sorted regional stream, , one by one and build a histogram from
which we estimate the attachment kernel. If a PA process is realized,
at each point in time 𝑡, the probability of a region already occurred 𝑘
imes to appear again is given by

(𝑘, 𝑡) = 𝑃 (𝑘)
𝑛(𝑘, 𝑡)
𝐷(𝑡)

, (6)

here 𝑛(𝑘, 𝑡) is the number of regions already appeared 𝑘 times at time
, and 𝐷(𝑡) is the total number of regions already appeared irrespective
f their number of occurrences. Then, the attachment probability, 𝑃 (𝑘),
an be estimated from a histogram where each contribution is weighted
ith the inverse frequency 𝐷(𝑡)

𝑛(𝑘,𝑡) . The resulting histogram starts to
deviate from a straight line (in double logarithmic scale) at around 𝑘 ≈
60 (Fig. 2 panels A–C). This is a well-known behavior of the method.
Therefore, we resort to the first 60 points to estimate the exponents
with a least squares method in all three scientific fields studied. In all
the three fields we find 𝑅2 > 0.99.

Determining the PA exponent for Chinese regions. We obtain the
special value of 𝛼CN = 0.915 in the following way. We first determine
from the data the average growth exponent, 𝜂, exclusively for the
Chinese regions obtaining ⟨𝜂⟩CN ≈ 2.53 ± 0.09. Then, from a starting
value of 𝛼CN = 0.79 – the value of all the remaining regions – we

increment 𝛼CN in the simulation in steps of 0.005 until we find an
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agreement between the empirical ⟨𝜂⟩CN and the one estimated from the
stream of regions generated by the simulation.

Figs. 3C–E and 4 panels C–E are obtained by first removing all
regions with a cumulative number of scientists at the year 2019 less
than 100. For those regions with a lower number of scientists, the
curves of their growth in intrinsic time become noisy, and the estimated
exponent is unreliable.
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Appendix A. Establishing the data set

The Dimensions data. We access the Dimensions database through
the Centre for Science and Technology Studies (CWTS), Leiden Uni-
versity. Dimensions covers millions of research publications connected
by more than 1.6 billion citations, supporting grants, datasets, clinical
trials, patents, and policy documents. In this work, we only use research
publications. The publications database of Dimensions contains publi-
cation data spanning several decades. The database comprises about 20
million disambiguated researchers assigned to a researcher ID. It also
comprises affiliation linkages to the Global Research Identifier Database
that currently covers more than 98,000 research institutions world-
wide [9,10]. Dimensions is produced by Digital Science and launched in
January 2018. For further references, see the Dimensions.ai website.2

Preparing the data. We start by collecting documents (i.e., all doc-
ument types) in three different topics, i.e., Semiconductors, Embryonic
Stem Cell (ESC) research, and Internet research. We chose these areas
since they are sufficiently large and important to provide a meaningful
statistical analysis. Delineating research areas is crucial to study their
growth. Different types of data and techniques have been proposed to
delineate research areas such as document co-citation [41], author co-
citation [42], co-word analysis [43], and journal-based mapping [44].
The semiconductors, ESC, and Internet research areas are defined by
collecting three sets of documents and associated groups of disam-
biguated authors, their affiliated institutions, and the geographical
regions where the institutions are located. We use a combination of
term matching, citing and cited links, and a selection of specific Fields
of Research (FOR) to identify documents that belong to those areas of

2 https://www.dimensions.ai/.
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1

research. The method we employ for defining the three research areas
in this paper can be divided into three steps:

Step 1: Creating a lexicon of key technical terms. We started by
extracting keywords from the literature and validating them with do-
main experts. Terms identified as relevant within each topic by experts
were kept for further analysis. This step involved identifying the core
technical jargon that authors use in each of the areas under study.
As a result, we prioritized technical terminology over popular terms,
as the former were more likely to be used and recognized by our
target research community. The vocabulary was expanded further using
the VOSviewer software [45] to identify very frequently co-occurring
concepts in addition to the initial terms, and the newly extracted
concepts were validated by domain experts during a second round of
consultation. The list of the lexicon used can be found in Appendix D.

Step 2: Retrieving items using term matching and Dimensions’
concepts. In the second step of our approach, we searched the Dimen-
sions database for all document types that matched the terminology
established in the previous step using a combination of exact and fuzzy
term matching. We matched the phrases to pre-extracted concepts from

imensions publications that had an abstract between 1941 and 2019.
ccording to the Dimensions documentation, concepts are normalized
oun phrases that describe the core concepts of a document and are
erived automatically from the publication’s abstracts [46]. Addition-
lly, we used Dimensions’ four-digit FOR categories to ensure that the
oncepts correspond to a rather consistent collection of documents.
or example, several concept matches can yield publication items
ssociated with FOR categories such as ‘‘Anthropology’’ or ‘‘Law’’. We
xcluded these domains from our document search due to our strong
ocus on technical knowledge in semiconductors, ESC, and Internet
esearch. In Appendix D, we list the whole vocabulary that was used to
etrieve the documents.

tep 3: Extracting cited and citing items. Cited works stand for or
ymbolize works that have been inspired by past publications, while
iting works symbolize works that have inspired subsequent items.
herefore, we also collected all citing and cited items to the publication
ets retrieved in step 2. Both cited and citing items are restricted to the
verall time spans in 1 and FOR categories.

Algorithms for author name disambiguation and institutional reg-
stries have been implemented and linked to the majority of large
ibliometric databases, including Scopus from Elsevier and Dimensions
rom Digital Science. Most of these algorithms leverage open systems
or uniquely identifying scholars, such as ORCID, or for identifying
nstitutional affiliations, such as GRID [8].

Using this method, we can extract a representation of research areas
hat includes core documents in the international scientific literature
n a period between 1941 and 2019. We use the affiliation of re-
earchers to assign an article to one or more world regions. Regions
re considered at the granularity of the first level of administrative
egions, equivalent to provinces (e.g., US.MA [Massachusetts, USA],
B.ENG [England, Great Britain]). We then select a chosen scientific

ield and sort all the corresponding publications in ascending temporal
rder, whereas articles sharing the same year of publication are listed
andomly. We checked that the reshuffling of the publications inside
he same year did not change any of the results. Since we are interested
n the cumulative growth of the number of scientists in a region, we
iscard all those events where scientists publish a paper with one of
heir old affiliations under which they had already published in the
ast (see Table 2 for an example of the procedure). Finally, we build
he sequence of regions in the order they appear in time. The position
n the sequence defines an intrinsic time that runs faster than real-
ime. One tick of intrinsic time corresponds to a region in the sequence.
he relationship between intrinsic and real-time is an inverse stretched
xponential, i.e., for all the three scientific fields considered, the re-
ation between the two is approximately of the type 𝑡 ≈ exp(

√

𝑇−𝑇0
𝜏 )

with 𝑡 intrinsic time, 𝑇 real time, 𝑇0 starting year reported in Table 1,
and 𝜏 representing a sort of characteristic time that gets values around
30–160 days in all three cases.

https://www.dimensions.ai/
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Appendix B. Scaling relations between exponents

The important quantities we consider in this study are, asymptoti-
cally, for large values of intrinsic time 𝑡

𝐷(𝑡) ≈ 𝑡𝛾 𝑘𝑖(𝑡) ≈ 𝑡𝜂

𝑃𝑘 ∝ 𝑘𝛼 𝑍(𝑡) =
𝐷
∑

𝑖=1
𝑘𝛼𝑖 ≈ 𝑡𝜎 ,

(B.1)

where 𝐷(𝑡) is the number of distinct regions (Eq. (3) in the main text);
𝑘𝑖(𝑡) is the cumulative number of scientists in region 𝑖 (Eq. (2) in the
main text); 𝑃𝑘 is the preferential attachment probability (Eq. (5) in
the main text); 𝑍(𝑡) is the normalization term in the PA probability
definition.

One can deduce some identities with simple approximate reasoning.
Since ∑𝐷

𝑖=1 𝑘𝑖 = 𝑡 and we have 𝐷 terms in the sum, we can write
𝑡𝛾+𝜂 ≈ 𝑡, hence 𝜂 = 1 − 𝛾. Similarly, 𝑍(𝑡) ≈ 𝑡𝛾 𝑡𝛼𝜂 = 𝑡𝛾+𝛼(1−𝛾), hence 𝜎 =
𝛼 + 𝛾(1 − 𝛼) (we rearranged the terms to highlight the role of 𝛼). These
crude approximations are confirmed by a less straightforward analytic
solution, which can also provide the behavior of 𝑘𝑖(𝑡) when 𝑡 is close to
the first introduction of region 𝑖, i.e., 𝑘𝑖(𝑡 ≈ 𝑡0,𝑖) ≈ (1+𝑐(𝑡−𝑡0,𝑖))

1
1−𝛼 . Since

< 𝛼 < 1, the exponent 1∕(1 − 𝛼) is larger than 1, in accordance with
he observed super-linear growth of latecomer regions. Practically, the
umber of occurrences of regions that enter late in the system starts to
row super-linearly and eventually reaches the asymptotic sub-linear
egime.

ppendix C. Approximate analytical solution of the model

We have a stream of geographical regions from empirical data and
rom it, we build a new synthetic stream. We shall generically refer
o geographical regions as tokens in the following since the reasoning
elow can be applied to any kind of stream with sub-linear PA. Each
ime a brand new token appears in the real stream, we put it as it is in
ur own created stream; each time an already occurred token appears
n the real stream, we extract a token from our synthetic stream with a
robability that is sublinear in the number of its occurrences 𝑘 so far,
.e., according to the probability 𝑃𝑘 defined in the main text in Eq. (5).

efinition of parameters
Our model contains one free parameter: the exponent 𝛼 of the

ublinear rich-get-richer mechanism. We take into account Heaps’ expo-
ent automatically by adopting the real stream of new tokens. We need
o introduce two parameters more, which eventually will be connected
o the PA and Heaps’ exponents, i.e., the asymptotic exponent 𝜎 of the

PA normalization term and the asymptotic exponent 𝜂 of the growth
of tokens in intrinsic time. The definition of the exponents is that of
Eq. (B.1). We call the normalization 𝑍(𝑡) as partition function in the
following. A rough estimate of the parameters based on one run of the
model in the semiconductor field and simple linear regressions gives:

𝛾 ≈ 0.39 𝜂 ≈ 0.74 𝛼 ≈ 0.79 𝜎 ≈ 0.85. (C.1)

The value of 𝜂 was inferred from the most populated token.

Occurrence of token 𝑖 in intrinsic time
In the approximation of continuous time we can write

𝑑𝑘𝑖
𝑑𝑡

=
𝑘𝛼𝑖
𝑍(𝑡)

(C.2)

here we know that asymptotically 𝑍(𝑡) ≈ 𝑐𝑡𝜎 (with 𝑐 a multiplicative
onstant). We solve the previous equation
𝑘

1

𝑑𝑘𝑖
𝑘𝛼𝑖

= 𝑐 ∫

𝑡

𝑡0,𝑖

𝑑𝜏
𝜏𝜎

(C.3)

ith 𝑡0 the entry time of the token, to get

=
(

1 + 𝑐 1 − 𝛼 (𝑡1−𝜎 − 𝑡1−𝜎 )
)

1
1−𝛼 . (C.4)
8

1 − 𝜎 0,𝑖
For 𝑡 ≫ 𝑡0 we get (we drop the index 𝑖 for simplicity)

𝑘 ≈ 𝑡
1−𝜎
1−𝛼 i.e. 𝜼 = 𝟏−𝝈

𝟏−𝜶
. (C.5)

If 𝑡 = 𝑡0 + 𝑥 we get by expanding around 𝑡0

𝑘 ≈

(

1 + 𝑐 1 − 𝛼
𝑡𝜎0

𝑥

)
1

1−𝛼

, (C.6)

with a super-linear exponent 1
1−𝛼 .

robability density function of occurrences
Let us call 𝑁𝑘(𝑡) the number of tokens having already occurred 𝑘-

imes at time 𝑡. After dropping the index 𝑖 we can write the following
master equation for 𝑘 > 1:

𝑘(𝑡 + 1) = 𝑁𝑘(𝑡) +𝑁𝑘−1
(𝑘 − 1)𝛼

𝑍(𝑡)
−𝑁𝑘

𝑘𝛼

𝑍(𝑡)
, (C.7)

hich can be written in a continuous approximation as the PDE

𝜕𝑁𝑘
𝜕𝑡

= − 1
𝑍(𝑡)

𝜕(𝑘𝛼𝑁𝑘)
𝜕𝑘

. (C.8)

ome important relations to keep in mind:
𝐷

𝑖=1
𝑘𝑖 =

𝑘𝑀
∑

𝑘=1
𝑘𝑁𝑘 = 𝑡 (C.9)

𝐷

𝑖=1
1 =

𝑘𝑀
∑

𝑘=1
𝑁𝑘 = 𝐷 ≈ 𝑐𝑡𝛾 (C.10)

ith 𝑘𝑀 representing the maximum value of the 𝑘𝑖. In order to normal-
ze 𝑁𝑘 and get the probability 𝜌𝑘 of finding tokens with 𝑘 occurrences
e divide by 𝐷

𝑘 ≈ 𝑐𝑡𝛾𝜌𝑘. (C.11)

e substitute the previous relation and 𝑍(𝑡) ≈ 𝑠𝑡𝜎 into the PDE. After
implifying the derivatives explicitly, we get

𝛾𝑡𝛾−1𝜌𝑘 ≈ − 𝑐𝑡𝛾−𝜎

𝑠

(

𝛼𝑘𝛼−1𝜌𝑘 + 𝑘𝛼 𝑑
𝑑𝑘

𝜌𝑘
)

(C.12)

and eventually, obtain the following ODE

𝑑
𝑑𝑘

𝜌𝑘 = −𝑠𝛾𝑘−𝛼𝑡𝜎−1𝜌𝑘 −
𝛼
𝑘
𝜌𝑘. (C.13)

Its solution is proportional to

𝜌𝑘 ∝ 𝑘−𝛼𝑒−
𝑠𝛾𝑡𝜎−1
1−𝛼 𝑘1−𝛼 (C.14)

hich asymptotically at large 𝑡, gives

𝑘 ≈ 𝑘−𝛼 . (C.15)

ince the decay in time is pretty slow (𝜎 ≈ 0.85 in our systems), the
imit distribution is attained over long times. Moreover, we recall that
< 𝛼 < 1 so that 𝜌𝑘 would have no thermodynamic limit without

he stretching exponential term. For determining the scaling relations
etween the exponents, we stick to the power-law limit distribution and
all 𝑘𝑀 the maximum value of 𝑘 at a certain large value of time 𝑡. By
ormalizing the 𝜌𝑘 we find

𝑘 = 1 − 𝛼
𝑘1−𝛼𝑀 − 1

𝑘−𝛼 . (C.16)

Partition function in time
We recall the partition function

𝑍(𝑡) =
𝐷
∑

𝑘𝛼𝑖 =
𝑘𝑀
∑

𝑁𝑘𝑘
𝛼 ≈ 𝑡𝜎 . (C.17)
𝑖=1 𝑘=1
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Fig. E.5. Panels A and B show the cumulative number of scientists coming into a region
(lines) in intrinsic time in embryonic stem cell research; with respect to Fig. 2A and B,
the axes are in linear scale to appreciate the different curvature of the growths at high
intrinsic times; (A) shows the 10 most visited regions. Most regions grow sub-linearly.
Chinese regions are shown with red thick lines and clearly increase super-linearly. In
(B), we see 11 poorly visited regions ranked from 700 to 710 in terms of the number
of scientists. Curves are (additively) shifted to the left so that their first point is placed
at coordinates (1,1); (C) Histogram of growth exponents, 𝜂, for all regions; (D) Growth
exponents, 𝜂, of all regions, 𝑖, as a function of their entry time, 𝑡𝑖 (intrinsic time). Note
that Chinese regions (red) come in late (after timestep 105) and have higher exponents
than other regions (blue). (E) Growth exponents, 𝜂, as a function of the cumulative
number of scientists in the year 2019, 𝑘f inal. The high exponents of Chinese regions are
visible (red). (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

If 𝛼 → 0 then 𝑍(𝑡) = 𝐷 ≈ 𝑡𝛾 ; if 𝛼 = 1 then 𝑍(𝑡) = 𝑡. Therefore we expect
𝛾 < 𝜎 < 1. We can write

𝑍(𝑡) ≈
𝑘𝑀
∑

𝑘=1
𝑡𝛾𝜌𝑘𝑘

𝛼

≈
𝑘𝑀
∑

𝑘=1
𝑡𝛾 1 − 𝛼
𝑘1−𝛼𝑀 − 1

𝑘−𝛼𝑘𝛼

≈ 𝑡𝛾 1−𝛼
𝑘1−𝛼𝑀 −1

𝑘𝑀
∑

𝑘=1
1 ≈ 𝑡𝛾𝑘𝛼𝑀 .

(C.18)

If we now recall that the occurrences of a token grow as 𝑡𝜂 , and
therefore also 𝑘𝑀 does, we find

𝜎 = 𝛾 + 𝛼𝜂 = 𝛾 + 𝛼 1 − 𝜎
1 − 𝛼

, (C.19)

which after solving for 𝜎 gives:

𝝈 = 𝜶 + 𝜸(𝟏 − 𝜶). (C.20)

By inserting the above expression of 𝜎 in the expression of 𝜂 of Eq. (C.5)
we also get

𝜼 = 𝟏 − 𝜸. (C.21)

Recap of results
After substituting the result for 𝜎 we get:

• 𝑍(𝑡 ≫ 1) ≈ 𝑡𝛼+𝛾(1−𝛼)

• 𝑘𝑖(𝑡 ≫ 𝑡0,𝑖) ≈ 𝑡1−𝛾

• 𝑘 (𝑡 ≈ 𝑡 ) ≈ (1 + 𝑐(𝑡 − 𝑡 ))
1

1−𝛼 .
9

𝑖 0,𝑖 0,𝑖
Fig. E.6. Comparison of model results (red) with experimental data (blue) for the
field of embryonic stem cells. (A) PA kernel; data and simulation practically coincide;
the black line depicts a linear kernel. (B) Heaps’s law; the two curves coincide by
construction. (C) Histograms of the regional growth exponent, 𝜂. The distributions of
the empirical values have average 𝑚 = 1.56, standard deviation 𝑠 = 0.86 and skewness
𝑏 = 1.73, while the distribution of the simulated values has 𝑚 = 1.31, 𝑠 = 0.31 and
𝑏 = 1.70. (D) Exponents, 𝜂, reproduce the empirical increase as a function of entry time.
(E) The decrease of 𝜂 as a function of the cumulative number 𝑘f inal of scientists in the
year 2019 is well captured by the model. Note the fact that Chinese regions (orange
circles) are predicted with a higher than usual values. (F) Also the frequency-rank
distributions of the regions appearing in the two streams practically coincide except
for very small ranks. In panels C, D, and E only regions with 𝑘f inal > 100 are taken into
account. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)

Note how the number of occurrences of tokens that enter late in the sys-
tem starts to grow super-linear and eventually reaches the asymptotic
sublinear regime.

Appendix D. List of terms

In the following, we list the lexicon of terms used to select the
articles according to their scientific fields.

Semiconductor research transistor, analog circuits, bipolar junction
transistor, bipolar transistor, carbide, carborundum, cat s-whisker de-
tector, conductivity, crystal diode, darlington transistor, discrete de-
vice, doped monocrystalline silicon grid, electrical conduction, electri-
cal conductivity, electron–hole pairs, electronic band structure, field
effect junction transistor, field-effect transistor, four-terminal devices,
gallium arsenide, germanium, gunn diode, hall effect sensor, hetero-
junctions, impatt diode, insulated-gate bipolar transistor, integrated
circuit, iotatron, laser diode, light-emitting diode, light-emitting diode,
metal rectifier, metal–oxide–semiconductor, metal–oxide–
semiconductor field-effect transistor, microchip, microprocessor,
mixed-signal circuits, mos transistor, mosfet, n-type semiconductor,
optocoupler, photocoupler, photodiode, phototransistor, photovoltaic
solar cells, pin diode, p–n junctions, p–n–p point-contact germanium,
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Fig. F.7. Panels A and B show the cumulative number of scientists coming into a
region (lines) in intrinsic time in Internet research; with respect to Fig. 2A and B, the
axes are in linear scale to appreciate the different curvature of the growths at higher
intrinsic times; (A) shows the 10 most visited regions. Most regions grow sub-linearly.
Chinese regions are shown with red thick lines and clearly increase super-linearly. In
(B) we see 11 poorly visited regions ranked from 700 to 710 in terms of the number
of scientists. Curves are (additively) shifted to the left so that their first point is placed
at coordinates (1,1); (C) Histogram of growth exponents, 𝜂, for all regions; (D) Growth
exponents, 𝜂, of all regions, 𝑖, as a function of their entry time, 𝑡𝑖 (intrinsic time). Note
that Chinese regions (red) come in late (after timestep 105) and have higher exponents
than other regions (blue). (E) Growth exponents, 𝜂, as a function of the cumulative
number of scientists in the year 2019, 𝑘f inal. The high exponents of Chinese regions are
visible (red). (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

polysilicon, p-type semiconductor, rectifier diode, reverse-biased p–
n junction, schottky diode, selenium sulfide, semiconductor, semi-
insulators, silicon-controlled rectifier, solid triode, three-terminal de-
vices, thyristor, transconductance, transient-voltage-suppression diode,
transistron, triode, tunnel diode, two-electrode vacuum tube, uni-
junction transistor, vaccum tube, varistor, vcsel, zen diode, zener
diode.

Embryonic Stem Cells blastocyst, blastoid, embryonic AND stem AND
cell, embryonic fibroblast, embryonic germ layers, hescs AND stem
AND cell, mescs AND stem AND cell, pluripotency, pluripotent AND
stem AND cell, undifferentiated pluripotent state.

Internet research arpanet, atm networks, atm switch, bitnet, broad-
based electronic communication, classless interdomain routing, csnet,
darpa internet, distributed network protocol, domain name system,
end-to-end circuit, end-to-end transmission, esnet, exterior gateway
protocol, federal internet exchanges, gateway protocol, gateways
router, global information infrastructure, gopher protocol, ground-
based packet, hop wireless network, host-to-host protocol, hypertext
transfer protocol, ibm rscs protocol, input-queued packet, interior
gateway protocol, internet infrastructure, internet protocol, internet
router, internet routing, internetting, internetwork, internetworking
architecture, ip service, ipv4, ipv6, lan technology, local area network
technology, message switching AND internet, minitel, mmdf proto-
col, multihop networks, networked computers, network control pro-
tocol, network emulator, network traffic protocol, npl network, open
systems interconnection, open-architecture network, optical packet,
osi reference model, packet radio, packet satellite, packet switch,
packet traffic, packetization, packet-switching, radio transmitting sys-
tem, relay network, remote machines, simple mail transfer proto-
col, store-and-forward switching, switched network, tcp performance,
10
Fig. F.8. Comparison of model results (red) with experimental data (blue) for the
field of Internet. (A) PA kernel; data and simulation practically coincide; the black line
depicts a linear kernel. (B) Heaps’s law; the two curves coincide by construction. (C)
Histograms of the regional growth exponent, 𝜂. The distributions of the empirical values
has average 𝑚 = 1.36, standard deviation 𝑠 = 0.59 and skewness 𝑏 = 1.48, while the
distribution of the simulated values has 𝑚 = 1.22, 𝑠 = 0.35 and 𝑏 = 1.93. (D) Exponents,
𝜂, reproduce the empirical increase as a function of entry time. (E) The decrease of
𝜂 as a function of the cumulative number 𝑘f inal of scientists in the year 2019 is well
captured by the model. Note the fact that Chinese regions (orange circles) are predicted
with higher than usual values. (F) Also, the frequency-rank distributions of the regions
appearing in the two streams practically coincide except for very small ranks. In panels
C, D, and E, only regions with 𝑘f inal > 100 are taken into account. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version
of this article.)

tcp/ip, tcp-based applications, telecommunications infrastructure, te-
lenet, time-sharing internet, time-sharing network, transmission control
protocol, trans-oceanic circuits, transport layer protocol, user datagram
protocol, virtual circuit model, virtual circuits, wireless atm AND
internet, wireless sensor network AND internet, x.25 protocol.

Appendix E. Results for embryonic stem cells

Figs. E.5 and E.6 show the results for the field of embryonic stem
cells and share the same design of Figs. 3 and 4.

Appendix F. Results for internet research

Figs. F.7 and F.8 show the results for the field of Internet and share
the same design of Figs. 3 and 4.
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