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Science has experienced rapid transformation due to increasing 
scientific capacity across countries. During the Cold War, the 
USSR and the United States competed in science; the collapse 

of the USSR in the late 1990s and the concurrent rise of China on the 
international stage significantly altered power dynamics in science. 
Whereas China only accounted for 5% of scientific publications in 
international indexes in 2000, it became the most productive coun-
try in the world by 2018, surpassing US scientific production1–3. The 
increase in scientific capacity was also coupled with Asia’s economic 
acceleration: for example, the rapid expansion and intense indus-
trialization of the ‘Four Asian Tigers’— Hong Kong, Singapore, 
South Korea and Taiwan—occurred during this time4,5. These rapid 
transformations provide an opportunity to examine the relationship 
between economic and scientific development and to test theories 
of universality in this relationship.

Studies have examined how the interplay between geography6,7, 
history8, existing scientific strengths9–12 and economic conditions13–15 
influence scientific development. Chile, for example, exemplifies 
the influence of geographical opportunities on national knowledge 
production: despite relatively low scientific investments16, Chile’s 
unique mountainous and remote terrain made it ideal for astronom-
ical observatories, a comparative advantage that allowed the nation 
to become an international hub in the field17,18. By contrast, South 
Korea, with its heavy investment in science and technology19,20, has 
experienced diversified scientific expansion, developing into a sci-
ence and innovation powerhouse4. Institutional organization and 
investment are also potential factors. For example, May21 compared 
research organizations in France and Germany—where research 
institutes such as the CNRS and Max-Planck play a central role—to 
the United States and the United Kingdom—which centralizes basic 

research in universities and engages students—and concluded that 
the former structure negatively affects research activity.

In contrast to localized explanations of national scientific 
development, several scholars have attempted to develop univer-
sal frameworks. For example, Comte argued that science develops 
along a natural trajectory from high-consensus physical sciences 
towards more complex, low-consensus social sciences22. Basalla 
took a colonial perspective, arguing that scientific development of 
non-Western countries generally undergoes three phases: coun-
tries first provide resources for Western scientists, then transition 
to a replication model—in which science develops following the 
institutions and traditions from scientifically established nations—
and culminate with scientific independence, often obtained with 
mixed success23. In Basalla’s model, phases of development also 
affect the research specialization of nations. For instance, in the 
first phase, disciplines are descriptive in nature and strongly tied to 
natural resources and exploration, the second phase has a stronger 
focus on experimental domains. Despite acknowledging that his 
model was an ‘heuristic device’ and that the environment in which 
research is conducted should be taken into account24,25, Basalla’s 
model remained criticized for being Eurocentric and insensitive to 
cultural factors25.

Despite criticisms, some alignment between these theories and 
the actual phases of development has been observed. Moya-Anegón 
and Herrero-Solana26 classified countries into three groups on the 
basis of their research specialization and showed that countries with 
high gross domestic product (GDP) specialize in biomedicine, for-
merly communist countries specialize in basic science and engineer-
ing and less developed countries specialize in agriculture. Cimini 
et al.27 arrived at a different conclusion, showing that—rather than 
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specializing—technologically leading countries have been active in 
a diversity of scientific domains.

Economic complexity framework provides a useful lens to evalu-
ate economic and scientific transformations from a global per-
spective28. This approach uses quantitative methods to predict and 
explain economic trajectories of geographic regions29–31, often using 
measures of relatedness, which inform changes in specialization 
and explain particular outcomes based on existing specializations28. 
These methods of complexity, relatedness, and application of dimen-
sionality reduction are well-served to examine the production and 
exportation of knowledge. The economic complexity approach is 
closely aligned with contemporary perspectives in economic geog-
raphy, which focus on issues such as path dependence, lock-in and 
proximity32,33. Developments toward evolutionary economic geog-
raphy34 recognize the relationship between macro- and micro-level 
perspectives: in the words of Boschma and Frenken33, how ‘spa-
tial structure of the economy emerge from and are transformed  

by the micro-behaviour of individual and collective agents and 
why and how these processes of change are themselves path- and 
place-dependent’.

These approaches can be used to examine the degree to which 
scientific development follows universal patterns conditioned on 
existing research specializations. For example, Boschma and col-
leagues12 applied the principle of relatedness to understand the 
research topic evolution of cities and showed that the emergence 
of new research topics and the disappearance of existing topics in 
cities are dependent on their degree of relatedness with existing top-
ics in cities. Guevara and colleagues11 constructed a research space 
by using career trajectories of scientists and demonstrated that 
the research space could predict research evolution of individuals, 
organizations and countries. Chinazzi et al.10 used an embedding 
method to predict research evolution in urban areas, providing evi-
dence that the average knowledge density in physics is correlated 
with scientific and economic development in a country.
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Fig. 2 | The structure of the disciplinary proximity network and national development. a, The backbone of the disciplinary relatedness network reveals 
three clusters, which we call Natural, Physical, and Societal. Each node corresponds to a discipline and the weight of an edge captures the minimum 
conditional probability of co-specialization (Methods). The area of a node is proportional to the number of total publications indexed in that discipline. 
Node colour maps to five broad disciplinary categories. b, Nations are classified into four groups by their income level: low, low-middle, upper-middle  
and high (from left to right). Dots correspond to nations and a nation’s position inside the simplex is calculated as the fraction of advantaged disciplines  
in each cluster normalized by its total number of advantaged disciplines. The density estimate of each income group is shown in red. N, Natural; P, 
Physical; S, Societal. c, National research profile snapshots (2013–2017) and GDP. Points are coloured according to the nation’s log-transformed GDP.  
d, Four example countries, Ethiopia, Vietnam, China and the United States, during 2013–2017. Only the disciplines with an advantage (log10RCA > 0) are 
coloured. Node colours are the same as in a.
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The study of economic output with respect to the ‘product space’—
that is, the network of relatedness between exported products—argues 
that the networked structure of industrial advantage is critical to 
understanding the economic development of nations31. Following the 
well-trodden path of Adam Smith, economists argue that division of 
labour—specialization—is related to economic efficiency; therefore, 
development is associated with increased capacity and complexity28,35. 
This argument has been explored with regard to economic exports35; 
however, less attention has been paid to the relationship between the 
complexity of scientific exports and economic development, as well as 
potential universal aspects of these relationships36–39.

In this study, we apply maps of science30–33 and revealed compar-
ative advantage (RCA)23—a common measure for quantifying the 
economic and production advantages of countries31—to examine 
national science production, by considering scientific disciplines as 
types of ‘products’ that are exported by countries. That is, we inves-
tigate a nation’s scientific development through scientific exports, 
in which research articles produced by a country and indexed in 
international bibliographic databases represent the exported sci-
entific ‘products’ of the nation21,40 (Methods and Supplementary 
Information section on Data). This is an important operational-
ization for our study; whereas a significant amount of scientific 
production occurs in non-English languages, in grey literature or 
governmental reports we argue that it is those works that are made 
visible through indexation that are the best proxies for exportation. 
This is not to diminish localized scientific activity but to create a 
measurement that approximates economic exportation. This allows 
us to examine how knowledge is constructed within and flows 
across countries and can be used to inform science policy.

Results
Geography of revealed comparative advantage. We use the RCA23 
to assess the relative disciplinary strengths of each nation on the 
basis of publications indexed by the Web of Science database 

(Methods). If country c produces a greater share of its publications 
in field i compared to the world average share in the discipline, then 
RCAc,i > 1 and country c is considered to have an RCA (or special-
ization) in discipline i.

We calculated the RCA for all combinations of 143 disciplines 
and all countries in our dataset. As expected, the patterns of rela-
tive advantage reflect a range of historical, geographical, and cul-
tural factors (Fig. 1). For instance, countries with relative strength 
in Botany are located in tropical areas rich in botanical resources; 
Anthropology and Archaeology features both wealthy and develop-
ing nations, reflecting the remnants of colonial science and alluding 
to Basalla’s assumption that the science in colonial and post-colonial 
countries began with Western countries’ exploitation of natu-
ral resources23. By contrast, far fewer countries—mostly in North 
America and Europe—specialize in Biochemistry and Molecular 
Biology, a discipline that requires sufficient funding and sophisti-
cated technologies. Similarly, Cancer research is largely concentrated 
in countries with high cancer mortality (which is associated with 
longer lifespans) as well as advanced countries with the capacity to 
invest in clinical research41. That research and innovation emerge as 
a response to local issues and threats can also be observed in other 
contexts. For example, Agricultural and Food Science and Health 
Policy and Services are prominent in nations across the global south, 
where infectious disease42 and food security43 are pressing issues. 
Large emerging economies like China and India are specialized 
in fields such as Industrial Engineering and Applied Physics that 
contribute to industrially relevant research3. Similarly, the relative 
strength of Russia, Ukraine and Kazakhstan in Applied Physics may 
be explained as a remnant of the Soviet Union’s research priorities8.

The distribution of disciplinary specialization suggests scientific 
exportation is affected by geographic, historical, social and eco-
nomic factors. Do these idiosyncratic factors dominate the course of 
scientific development of a nation? Or is there an underlying struc-
ture that governs the scientific development of nations?
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given the density of existing advantages surrounding the discipline. Dots represent the estimated probabilities from bootstrapping and solid lines are the 
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Discipline relatedness network. Inspired by the relatedness net-
work of economic product exports that underpins national eco-
nomic development31 as well as by the studies on scientific research 
space10–12, we construct a discipline relatedness network, in which 
the proximity between disciplines is defined by the minimum 
conditional probability that two disciplines are co-specialized in 
a country (Methods; Supplementary Figs. 4 and 5). The network 
builds on the idea that disciplines that are co-specialized are likely 
to require similar knowledge, skills, methods or equipment. To 
show its most salient structure, we apply the multiscale backbone 
extraction method44. This ‘backbone’ reveals three clusters, which 
are then formally defined by applying the Leiden community detec-
tion algorithm45 with 100 iterations. Multiple runs of the algorithm 
did not alter the community memberships. Here, on the basis of 
the composition, we call these clusters Natural, Physical, and 
Societal clusters (Fig. 2a). The three clusters—Natural, Physical, 
and Societal—contain 45 disciplines, 37 disciplines and 61 dis-
ciplines, respectively. These clusters—while resembling previous 
observations26,46—do not conform to the common high-level clas-
sifications of disciplines. None of the clusters exclusively coincides 
with major classifications such as natural sciences, engineering or 
medical sciences. The high-level disciplinary classifications appear-
ing in the Natural cluster (left) are primarily Natural and Medical 
Sciences. Most disciplines are dependent upon natural resources 
(for example, Geology, Entomology and Agriculture and Food 
Science) or concern the prevalent medical concerns in low-income 
areas (for example, Nutrition and Dietetic and Parasitology). The 
Physical cluster (right) contains primarily physical sciences and 
engineering, which are commonly considered as foundations for 
industry-based economic growth (for example, Chemistry and 
Applied Physics) and those that require technological investment 

(for example, Civil Engineering, Astronomy and Astrophysics and 
Aerospace Technology); this cluster suggests the intimate relation-
ships between basic physical science and engineering. The Societal 
cluster (top) is formed by human-centric disciplines that are focused 
on improving societal welfare, including Medical Sciences (for 
example, Psychiatry, Nursing and Cancer) as well as Social Sciences 
and Arts and Humanities (for example, Education, Sociology and 
International Relations).

These clusters offer a concise representation of each country’s 
research portfolio. Namely, each country’s scientific portfolio 
can be represented as a point in the simplex of the three clusters 
(Fig. 2b; Methods). Aggregating countries on the basis of their 
income-level classification47 reveals that niches are largely related 
to national wealth (Fig. 2b–d). Low-income countries (for example, 
Afghanistan, Ethiopia and South Sudan) tend to be confined to the 
Natural cluster; some of the low-middle countries extend towards 
the Physical disciplines whereas upper-middle income countries are 
located closer to the centre. High-income countries (for example, 
the United States, France and Japan) tend to occupy the centre and 
the space between Natural and Societal, suggesting balanced expor-
tation. This pattern suggests that there might be a universal ten-
dency that as a nation’s economic power increases, their scientific 
exports move towards a more balanced portfolio.

The principle of relatedness. To understand the temporal evolu-
tion of national research portfolios, we first examine whether the 
development (or the loss) of RCA follows the principle of related-
ness9–12, which predicts that countries are more likely to develop a 
new advantage in a discipline that is close to their existing advan-
tages (Fig. 2). By examining the entry (exit) of advantages across 
each subsequent time step (Methods), we show that the principle of 
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relatedness indeed holds (Fig. 3a,b). The probability of a discipline’s 
entry increases with the density of proximate specialized disciplines 
(β = 0.33, 95% CI = [0.30, 0.36]); the probability of a discipline’s exit 
follows the opposite pattern (β = −0.93, 95% CI = [−0.94,−0.92]).

Moreover, if we aggregate countries on the basis of income 
groups, we further discover that low-income countries are more 
strongly constrained by the principle of relatedness than others 
(one-tailed t-test t19 = 34, P < 0.001) (Fig. 3c,d). In other words, it 
is more difficult for low-income countries to develop a new relative 
advantage if it is not in the vicinity of already existing advantage; 
while wealthy countries are more likely to develop new advantage, 
thanks to the already existing diverse and complex research portfo-
lio with broader and higher disciplinary production, allowing them 
to make less portfolio-dependent choices when building scientific 
capacity. Our result aligns with the recently reported pattern that 
low-complexity economies experience stronger pull from related-
ness and are less likely to enter unrelated activities48.

The principle of relatedness shapes scientific development but to 
what extent? We compare the actual trajectories with a null model 
that is solely based on the principle of relatedness (Methods). As 
shown in Fig. 3e, the predicted research profiles converge towards 
the centre of the simplex; in other words, even with the constrain-
ing effect of the principle of relatedness, the connections across 
clusters are strong enough to attract countries towards a balanced 
research portfolio. By contrast, the aggregated actual trajectories 

display much weaker attraction towards the centre, suggesting that 
scientific development is not entirely dictated by the principle of 
relatedness but may also be conditioned by the three clusters (Fig. 
3e and Supplementary Figs. 6–8). The difference is particularly 
stark for countries specialized in the Natural cluster, suggesting that 
low-income countries may face a heavy hurdle breaking into other 
disciplines (Supplementary Figs. 6–8).

Structure of global science. Meanwhile, global science has been 
moving from a nested structure to a modular structure. It has been 
observed that the global economy exhibits a hierarchical31,49,50 (or 
nested) structure, where rich countries can export a wide range of 
products—especially those that are exported by only a few coun-
tries—whereas poor countries can only export a small number of 
products that can be exported by many31,35,51. This pattern contrasts 
with a more classical theory of specialization, where countries 
would specialize and form a ‘modular’ structure. Inspired by the 
tension between these two ideas, we measure the nestedness and 
modularity of the scientific exports over time (Methods; Fig. 4). In 
contrast to the case of economic products, we do not observe strong 
evidence of nestedness; instead, we find that the modularity of the 
network has been increasing, which is probably associated with the 
trapping of low-income countries in the Natural cluster (Fig. 3) and 
the heavy investment and emphasis of applied sciences in rising 
economies such as China.
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Fig. 5 | Scientific production is correlated with national development indicators. a, Number of publications is strongly correlated with scientific diversity 
(defined as one minus the GINI index of the RCA values of a country). Lines represent a linear regression model fit with x axis variable as the independent 
variable and y axis variable as dependent variable. Translucent band lines describe bootstrapped 95% confidence interval. PCC, Pearson correlation 
coefficient. ISO 3166-1 alpha-3 codes are used to denote each country. b,c, The relationship between scientific publication volume and nations GDP (b) 
and their ECI (c). d,e, The temporal development of the number of publications (d) and scientific diversity (e) by income group. The point shows the 
mean value of each group. Error bars represent the 95% confidence interval of the mean value drawn from bootstrapping. The number of countries in 
income group during period is presented in Supplementary Table 3. A total 1,000 iterations are used to compute the confidence interval. Point represents 
the mean value. Error bars represent the 95% confidence interval drawn from bootstrapping. The number of countries in each time period is presented in 
Supplementary Table 2.
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Relationships between scientific activities and economic growth. 
Motivated by the connection between the economic wealth and 
their scientific niches and the increasing diversity shown above, we 
investigate the relationships among scientific diversity, publication 
volume and economic performance. We measure the diversity of 
a scientific portfolio with the Gini index of disciplinary RCA val-
ues (Methods). For convenience, we define the scientific diversity 
of a nation as one minus their Gini index. High scientific diversity 
corresponds to a more balanced and diversified portfolio, whereas 
low scientific diversity indicates more skewed and specialized 
exportation.

We find that the number of publications, scientific diversity, 
GDP and ECI (Economic Complexity Indicator) are all strongly 
correlated with each other (publication and diversity, Pearson’s cor-
relation r = 0.91; publication and GDP, Pearson’s r = 0.92; and pub-
lication and ECI, Pearson’s r = 0.75) (Fig. 5). Over the past 40 years, 
the average number of publications as well as the average scientific 
diversity of all income groups have been steadily increasing (see 
Fig. 5d,e). However, this steady growth is not enough to close the 

gap between income groups; the gap between high-income coun-
tries and low-income countries remains wide. Although scientific 
diversity is correlated with the number of publications, the diver-
sification of research portfolio cannot be explained by the increase 
in the number of publications alone (t1561 = 17.02, P < .001) (see 
Supplementary Fig. 9 for details).

Our results with two-way fixed effects panel regression models 
corroborate a mutual-influence relationship between publication 
volume and economic development14,52,53 (t704 = 2.7, P = 0.01, effect 
size = 0.04, 95% CI = [0.01,0.07]) (Table 1) and (t705 = 6.8, P < 0.001, 
effect size = 0.29, 95% CI = [0.21,0.38]) (Supplementary Table 4). As 
indicated in the model 2 in Table 1, a 10% increase in number of 
publications is associated with 0.4% relative increase in economic 
growth rate (Table 1). The results are robust across different models 
with GDP and GDP per capita as independent variables, respectively 
(t687 = 2.29, P = 0.03, effect size = 0.02, 95% CI = [0.003,0.04]) (Table 
2). It further shows that, if the publications are divided into the three 
clusters we identified, the number of publications in the Physical 
cluster predicts GDP growth (t695 = 1.98, P = 0.05, effect size = 0.04, 

Table 1 | Regression results of predicting growth rate of GDP

Dependent variable:

GDP growth (log ratio)

(1) (2) (3) (4) (5) (6) (7)

Log GDP −0.42*** −0.44*** −0.43*** −0.43*** −0.42*** −0.43*** −0.44***

(−0.48, −0.36) (−0.50, −0.38) (−0.49, −0.37) (−0.49, −0.37) (−0.48, −0.36) (−0.49, −0.37) (−0.50, −0.38)

P = 0.00 P = 0.00 P = 0.00 P = 0.00 P = 0.00 P = 0.00 P = 0.00

ECI 0.01 0.003 0.004 0.01 0.01 0.01 0.002

(−0.02, 0.04) (−0.03, 0.03) (−0.03, 0.03) (−0.03, 0.04) (−0.02, 0.04) (−0.03, 0.04) (−0.03, 0.03)

P = 0.64 P = 0.86 P = 0.79 P = 0.73 P = 0.65 P = 0.72 P = 0.92

Log Population 0.15** 0.11* 0.12** 0.13** 0.15** 0.13**

(0.04, 0.27) (−0.01, 0.23) (0.002, 0.25) (0.003, 0.25) (0.02, 0.27) (0.004, 0.25)

P = 0.02 P = 0.09 P = 0.05 P = 0.05 P = 0.03 P = 0.05

Log no. 
Publications

0.04*** 0.06***

(0.01, 0.07) (0.02, 0.09)

P = 0.01 P = 0.002

Log no. Natural 0.03** −0.01

(0.004, 0.07) (−0.05, 0.04)

P = 0.03 P = 0.84

Log no. Physical 0.04*** 0.04**

(0.01, 0.07) (0.001, 0.09)

P = 0.005 P = 0.05

Log no. Societal 0.03*

(−0.003, 0.06)

P = 0.09

Diversity −0.08

(−0.27, 0.11)

P = 0.44

Observations 836 836 836 828 827 828 836

R2 0.21 0.22 0.22 0.22 0.21 0.22 0.22

Adjusted R2 0.07 0.08 0.07 0.07 0.06 0.07 0.07

F statistic 63.57*** (d.f. = 3; 
705)

50.00*** (d.f. = 4; 
704)

49.19*** (d.f. = 4; 
704)

48.32*** (d.f. = 4; 
696)

46.04*** (d.f. = 4; 
695)

38.61*** (d.f. = 5; 
695)

49.23*** (d.f. = 4; 
704)

Note: (1)–(7) correspond to the regression models each of which employs a different set of independent variables shown. The P value is derived from a two-sided t-test. *P < 0.1; **P < 0.05; ***P < 0.01.
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95% CI = [0.001,0.09]) (Table 1). However, this result is driven by 
the countries like China that simultaneously exhibited scientific 
investment focused on the Physical cluster and strong economic 
growth. Removing China from the model makes the coefficient of 
number of publications in the Physical cluster statistically insignifi-
cant (t688 = 0.77, P = 0.45, effect size = 0.02, 95% CI = [−0.03, 0.06]) 
(Supplementary Tables 5 and 6). However, the difference between 
the coefficient of the number of publications in the Physical clus-
ter with all observations and the coefficient of the corresponding 
parameter excluding China is not significant (βwith China = 0.04 ± 0.02, 
βwithout China = 0.02 ± 0.02) (ref. 54). Although we cannot exclude the 
possibility that China’s focused investment in the Physical cluster 
might have played an important role in its economic growth, our 
models do not provide enough evidence to demonstrate whether 
the strength in the Physical cluster is associated with the future eco-
nomic growth across countries. The relationship between scientific 
development and economic development may be contingent on 
countries and complex.

In contrast to the theory that diversity and complexity of econ-
omy are closely linked to the economic growth, we could not find 
strong associations between the diversity of scientific portfolio 
and economic growth. Scientific diversity could neither predict 
GDP growth nor predict the growth of publication (t704 = −0.78, 
P = 0.44, effect size = −0.08, 95% CI = [−0.27,0.11]) (Table 1) and 
(t704 = −0.77, P = 0.44, effect size = −0.10, 95% CI = [−0.36,0.16]) 
(Supplementary Table 4), whereas GDP is associated with the 
growth rate of scientific diversity (t705 = 2.71, P = 0.007, effect 
size = 0.43, 95% CI = [0.12,0.74]) (Supplementary Table 7). Our 
results suggest that a balanced research portfolio may be a result, 
rather than the cause, of economic development. However, scientific 
diversity is negatively associated with the similarity between newly 
entered disciplines and the existing advantages, suggesting that bal-
anced research profile may be associated with more flexibility to 
develop research areas (t703 = −1.71, P = 0.09, effect size = −0.60, 
95% CI = [−1.29,0.09]) (Table 3). Countries with high diversity tend 
to develop more easily beyond their current research advantages.

Table 2 | Regression results of predicting growth rate of GDP per capita

Dependent variable:

GDP per capita growth (log ratio)

(1) (2) (3) (4) (5) (6) (7)

Log GDP per 
capita

−0.25*** −0.27*** −0.26*** −0.27*** −0.26*** −0.27*** −0.22***

(−0.29, −0.21) (−0.32, −0.22) (−0.31, −0.22) (−0.32, −0.23) (−0.31, −0.21) (−0.32, −0.23) (−0.26, −0.18)

P = 0.00 P = 0.00 P = 0.00 P = 0.00 P = 0.00 P = 0.00 P = 0.00

ECI 0.01* 0.01 0.01 0.01 0.01 0.01 0.01*

(−0.002, 0.03) (−0.01, 0.03) (−0.004, 0.03) (−0.005, 0.03) (−0.003, 0.03) (−0.005, 0.03) (−0.002, 0.03)

P = 0.10 P = 0.19 P = 0.15 P = 0.16 P = 0.11 P = 0.16 P = 0.10

Log Population −0.11*** −0.14*** −0.13*** −0.15*** −0.12*** −0.15***

(−0.18, −0.04) (−0.22, −0.07) (−0.21, −0.06) (−0.22, −0.07) (−0.20, −0.04) (−0.22, −0.07)

P = 0.003 P = 0.0003 P = 0.001 P = 0.0002 P = 0.003 P = 0.0002

Log no. 
Publications

0.02** 0.02**

(0.003, 0.04) (0.001, 0.04)

P = 0.03 P = 0.04

Log no. Natural 0.02* −0.003

(−0.001, 0.03) (−0.03, 0.02)

P = 0.08 P = 0.81

Log no. Physical 0.02** 0.02*

(0.003, 0.03) (−0.002, 0.04)

P = 0.03 P = 0.09

Log no. Societal 0.01

(−0.01, 0.02)

P = 0.44

Diversity −0.12**

(−0.22, −0.02)

P = 0.03

Observations 818 818 818 811 810 811 818

R2 0.16 0.17 0.17 0.17 0.16 0.17 0.16

Adjusted R2 0.01 0.01 0.01 0.01 0.005 0.01 0.001

F statistic 44.60*** (d.f. = 3; 
688)

34.97*** (d.f. = 4; 
687)

34.35*** (d.f. = 4; 
687)

35.45*** (d.f. = 4; 
680)

33.43*** (d.f. = 4; 
679)

28.33*** (d.f. = 5; 
679)

32.61*** (d.f. = 4; 
687)

Note: The P value is derived from a two-sided t-test. *P < 0.1; **P < 0.05; ***P < 0.01.
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Discussion
It is widely believed that scientific development holds the key to 
the future prosperity of a nation55,56. Yet, whether there are uni-
versal structural patterns of scientific development at the national 
level remains an open question. By analysing more than 30 million 
scientific publications across 217 countries spanning the period 
1973–2017, we provide a large-scale temporal analysis of national 
science development. We find that the disciplinary proximity net-
work constructed from these publications exhibits three clusters 
of disciplines which roughly capture the relative advantages of 
countries across the spectrum of economic wealth. Although each 
country’s position in the network is shaped by various historical, 
geographical, social and economic factors, the three-cluster struc-
ture still conditions their scientific development. We further reveal 
that, although individual country is moving towards a more bal-
anced research profile, global science is becoming more modular. 
We also confirm that economic wealth and scientific publication 
are mutually predictive of each other, suggesting a strong feedback 
loop. Finally, we find evidence that economic growth leads to higher 
scientific diversity and countries with diverse research portfolios are 
more flexible regards developing new research areas.

Our results in part reaffirm the general patterns observed in 
previous studies on the structure of knowledge space and the prin-
ciple of relatedness10–12,22,23,26,46,57. The clusters and the niches that are 
occupied by nations show some semblance of Comte’s ‘Hierarchy of 
the Sciences’ (1855) hypothesis—that science progresses from natu-
ral sciences that require readily available simple subjects, towards 
social sciences that deal with more complex subjects. At the same 
time, the prominence of Natural disciplines in low-income coun-
tries resonates with Basalla’s ‘Spread of Western Science’ (Basalla), 
pointing to the colonial exploitation of natural resources. Klavans 
and Boyack46 and Moya-Anegόn and Herrero-Solana26 identified 
similar disciplinary clusters that condition on national scientific 
development. Furthermore, studies have demonstrated the principle 
of relatedness in knowledge domain9–12. Building on this literature, 

by taking a country-level approach and network analysis, our work 
quantitatively identifies three disciplinary clusters where a country’s 
niche in the knowledge space is associated with its economic devel-
opment. We further reveal that the principle of relatedness alone 
is not enough to explain the dynamic evolution of research areas  
in countries.

This study has several limitations. First, it relies on a biblio-
graphic database created and maintained by a Western scientific 
enterprise. Therefore, it overestimates research from Western coun-
tries and publications in English while underestimating the produc-
tion in other nations and languages (Supplementary Information 
section on Data). Still, we argue that our operationalization is rea-
sonable under the analogy to product exportation31,35 and the status 
of English as the de facto lingua franca of science58. Second, many of 
our analyses considered the RCA matrix as a bipartite network. This 
approximation is not strictly valid because the edges are not inde-
pendent of each other. Finally, our regression models are not free 
from multicollinearity issues as there exists significant correlation 
between GDP and the number of publications. Moreover, we show 
that the inferred relationships between scientific enterprise and eco-
nomic growth can be easily driven by a small number of countries 
by demonstrating that the association between the publications in 
the Physical cluster and economic growth is driven by China, which 
have achieved strong growth in both scientific production in the 
Physical cluster and economy. Due to the complexity of economic 
and scientific development, we note that reliable causal inference 
with country-level data is often infeasible and our results do not 
necessarily confirm nor reject a direct causal relationship between 
national scientific development and economic growth. There exist 
many unobserved hidden confounders and complex feedback 
mechanisms between scientific and economic development.

Despite those limitations, our empirical framework may pro-
vide a useful perspective to study the structure and evolution of 
national scientific portfolios and the relationship to economic 
development. Our results call for attention to the barriers faced by 
low-income countries in building their scientific capacity and the 
potential consequences for future scientific capacity and economic 
growth. Our results also highlight the importance of considering 
scientific capacity in the study of economic development. We hope 
our analysis opens a new avenue towards the understanding of the 
mechanisms of scientific development as well as its relationship to 
economic prosperity.

Methods
Data. The dataset was drawn from the Clarivate Analytics’ Web of Science database 
hosted and managed by the Observatoire des Sciences et des Technologies at the 
University of Montreal. The Web of Science database contains three main citation 
indices: the Science Citation Index Expanded, the Social Science Citation Index 
and the Arts and Humanities Citation Index. We used all indexed publication 
records listed as being published between 1973 to 2017, which included 37,479,532 
papers published across 20,252 scholarly journals. To examine temporal patterns, 
we split the data into nine 5-yr snapshots. We limited this set to only journal 
articles, review articles and notes (discontinued in 1991 but included in articles). 
We also excluded any publication that did not list any institutional address and 
publications that could not be assigned a disciplinary category according to the 
steps below. After these filters, the dataset contained 35,793,320 papers published 
across 20,123 scholarly journals (Supplementary Fig. 2).

Discipline classification of publications is based on the National Science 
Foundation typology of journals, which categorizes papers into a hierarchy of 
disciplines. The high-level and granular classification was further complemented with 
an in-house classification of the Arts and Humanities59. The resulting classification 
scheme contains 144 granular categories. After removing ‘Unknown’ from the 144 
granular categories, we manually classified each of the 143 categories into one of five 
broad categories: ‘Natural Science’, ‘Medical Science’, ‘Engineering’, ‘Social Science’ 
and ‘Arts and Humanities’; this scheme is used to colour nodes in Fig. 2.

Publications are associated with nations using the institutional addresses listed 
by the authors. We assign a full unit credit of a publication to every country of 
affiliation represented on the paper’s author byline (‘full counting’). For example, a 
paper listing five authors—two with affiliations in the United States, two in Canada 
and one in the Netherlands—would count as one paper to all three countries. 

Table 3 | Regression results of predicting average similarity of 
new entered disciplines

Dependent variable:

Similarity

(1) (2)

Log GDP −0.11 −0.09

(−0.34, 0.11) (−0.31, 0.14)

P = 0.34 P = 0.45

ECI −0.02 −0.02

(−0.13, 0.09) (−0.13, 0.09)

P = 0.70 P = 0.76

Log no. Publications −0.02 0.04

(−0.13, 0.09) (−0.09, 0.17)

P = 0.70 P = 0.57

Diversity −0.60*

(−1.29, 0.09)

P = 0.09

Observations 835 835

R2 0.002 0.01

Adjusted R2 −0.18 −0.18

F statistic 0.54 (d.f. = 3; 704) 1.14 (d.f. = 4; 703)

Note: The P value is derived from a two-sided t-test. *P < 0.1;**P < 0.05;***P < 0.01.
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Full counting method assumes that each author’s country contributes equally 
to the publication. Fractional counting and counting based on corresponding 
authorship are another two widely used counting methods. These counting 
methods are highly correlated at the macro level60. However, Web of Science has a 
highly inaccurate coverage on the corresponding author information before 2008, 
where corresponding author is, in most cases, simply assigned to the first author/
institution. Given the diachronic nature of our analysis, we were unable to use 
a counting method based on corresponding authorship. The discipline network 
constructed from fractional counting shares high similarity with the network 
constructed using full counting method. See Supplementary Information section 
on Data for more details.

We use data on national GDP from the World Bank47,61 to approximate the 
economic wealth of each country. The dataset covers 264 countries from 1960 to 
2019. Income classification comes from the World Bank database47 which contains 
224 countries between 1987 and 2018. We convert the annual classification to a 
time snapshot classification by assigning each country to its most frequent income 
group during each period. See Supplementary Information section on Data for 
more details.

Revealed comparative advantage. The RCA of country c in discipline i is defined 
as:

RCAc,i =
P(c, i)/

∑
i P(c, i)

∑
c P(c, i)/

∑
c,i P(c, i)

where P(c, i) is the number of publications produced and ‘exported’—the number 
of publications indexed in the Web of Science—by country c in discipline i, 
∑

i P(c, i) is the total number of publications produced by country c, 
∑

c P(c, i) is 
the total number of publications produced in a discipline globally and 

∑
c,i P(c, i) 

is the total number of publications across all countries and disciplines.

Disciplinary proximity. The proximity between disciplines i and j is defined as 
the minimum of the pairwise conditional probabilities of a country having an 
advantage (RCA > 1) in one discipline given an advantage in another:

ϕij = min{P(RCAi > 1|RCAj > 1), P(RCAj > 1|RCAi > 1)}

ϕ is a 143 × 143 matrix that captures the proximity between pairs of disciplines 
(Supplementary Fig. 4).

Identifying the disciplinary clusters. The relatedness network is constructed 
from the disciplinary proximity matrix derived from aggregating data across all 
years (from 1973 to 2017). The network is fixed over the analysis. Although the 
network structure changes over time, networks derived from a snapshot of data 
closely resemble the aggregated network (Supplementary Fig. 5). The multiscale 
backbone extraction method44 exposes three visual clusters when laid out with a 
force-directed layout algorithm (Gephi’s ForceAtlas2). We then apply the Leiden 
algorithm45 to the full network with 100 iterations to define the membership of 
each discipline in the three communities. Multiple runs of the algorithm produced 
exactly the same results. Other methods produce similar results, although some 
methods partition the network into smaller communities (Supplementary 
Information section on the Disciplinary relatedness network).

Position within the simplex. Position within the simplex measures cluster-level 
specialization concentration of a country. We first calculate Ci = ni/Ni, where ni 
is the number of disciplines in cluster i with RCA > 1 and Ni is the total number of 
disciplines in cluster i. Then we normalize Ci so that ∑

i
Ci = 1.

The density of existing advantages and the null development model. The density 
of existing advantages around a given discipline is defined as follows:

ωk
j =

∑
i xiϕij

∑
i ϕij

where ϕij is the proximity between discipline i and j and xi = 1 if RCAki > 1 else 
xi = 0 and the density of existing advantages, ωk

j , is the proximity-weighted sum of 
all disciplines that are connected to j with RCAki > 1. We bin the density values and 
aggregate across countries and time periods to calculate the probability of entry 
and exit, given the density. We also perform a bootstrap sampling with 20 samples 
to estimate the uncertainty of the slope and report the mean and standard deviation 
of the slopes across bootstrapped samples. A linear regression model (ordinary 
least squares) is fit by pooling all bootstrap samples to obtain the parameters 
(intercept and slope) for the null model. The null model works as following: for 
every inactive (RCA < 1) discipline, we assign a probability that the discipline will 
be entered (RCA > 1) in the subsequent time period on the basis of its current 
density using the intercept and slope obtained from the pooled regression model 
that include all countries. We use the same procedure for the exit. For each time 
period and each country, the new entered and exited disciplines are sampled using 
the null model while preserving the number of new entered and exited disciplines 

in the next time period. We repeat this procedure 100 times. When visualizing the 
actual profile and the predicted profile on the simplex, to reduce the influence of 
extreme cases, we remove datapoints located on the boundary of the simplex. To 
smooth out the noise, we aggregate datapoints within each rhombus with the side 
length of 0.1 that tessellates across the simplex. We observe that the difference 
between actual trajectory and the predicted trajectory is robust against the 
direction of rhombus.

Modularity and nestedness. We use the country–discipline bipartite network 
to represent knowledge exportation. Country c is connected to discipline i if 
RCAc,i > 1. Modularity62 of the country–discipline bipartite network is defined as:

Q =
1
m

p∑

i=1

q∑

j=1
(Aij − Pij)δ(gi, hj)

where m is the number of links, Aij equals to 1 if there is a link from node i to node 
j, Pij is the probability the edge between i and j exists under the null model, gi and 
hj are communities that the country and discipline belong to. The community of a 
country is decided by its largest cluster level RCA; for example, China is classified 
to the Physical cluster since it has highest cluster-level RCA value in the Physical 
cluster. The community of disciplines is defined by the Leiden algorithm. Although 
the elements of the RCA matrix are not strictly independent from each other, we 
use Pij = kidj

m  (where ki and dj are the degree of node i and j respectively) as an 
approximation. Larger modularity means countries tend to be specialized in one of 
the three clusters rather than having advantages spread across multiple clusters.

Nestedness is measured by the overlap and decreasing fill (NODF)63 method. 
NODF measures the degree of overlapping between row pairs and column pairs in 
the adjacency matrix. The metric is defined as:

NODF =

∑N
paired

[
n(n−1)

2

]
+

[
m(m−1)

2

]

where 
∑N

paired is the averaged degree of nestedness for each pair of row and column 
based on the principles of decreasing fill and paired overlap63 and n and m are the 
number of rows and columns.

We use a null model to test whether modularity and nestedness are significant. 
We construct the null model of the bipartite network by swapping edges between 
node pairs while constraining the degree of each node which we refer to as the 
fixed–fixed null model.

Scientific diversity. The Gini index of a nation’s RCA values across disciplines is 
used to capture the scientific diversity of a nation. For convenience, we use one 
minus the Gini index as a measure of scientific diversity. If all disciplines have the 
same RCA value in the country, the diversity value would be 1. If a country only 
produces scientific publications in one discipline, then the diversity value would 
be 0. To investigate the dynamic relationship between scientific diversity and 
economic power, we project countries’ evolution into the diversity–GDP plane. 
To smooth out noise, we averaged the trajectory in each grid with width equal to 
0.1 and height equal to 0.5. The starting point of an arrow represents average of all 
displacements whose starting points were in the grid. The direction and length of 
arrows are computed by averaging the subsequent displacements of all countries 
within a grid.

Regression analysis. We use a fixed-effect panel regression model to investigate 
the relationship between economic growth and scientific development. The model 
is written as follows:

Yc,t = β0 + β1X1,ct + β2X2,ct + … + βkXk,ct + αc + αt

where c denotes countries, t denotes time periods, Yc,t is the investigated dependent 
variable and αc and αt are the country-specific and time-specific intercepts that 
capture the heterogeneity across countries and across time periods. The dependent 
variables involved in our analysis are log ratio of GDP growth rate, log ratio of 
publication growth rate, scientific diversity growth rate and averaged disciplinary 
similarity. Growth rate is measured as Nc,t+1/Nc,t where t + 1 represents the next 
time period which is the following 5 yr. The included controlled variables are 
averaged GDP value, averaged ECI value and averaged number of populations. The 
investigated independent variables are the total number of publications, scientific 
diversity and the number of publications in Natural, Physical and Societal clusters. 
We apply log-transformation with base 10 to GDP, GDP per capita, the number of 
publications, the number of populations and the growth rate.

Averaged disciplinary similarity measures how similar the new entered 
disciplines are compared with the current existing advantages. The averaged 
disciplinary similarity is defined as:

ρc =

n∑

i

ωc
i
n
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where n is the number of new entered disciplines and ωc
i  is the normalized density 

of new entered disciplines. Normalized density is measured as the z-score of raw 
disciplinary density of all disadvantaged disciplines. High averaged disciplinary 
similarity indicates that the new entered disciplines have higher similarity with 
existing advantaged disciplines compared with average similarity between 
advantaged disciplines and inactivated disciplines.

Reporting summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
Data used in this study are available at https://figshare.com/articles/
journal_contribution/Untitled_Item/13623035/3

Code availability
The code used for data processing and analysis is available at https://github.com/
yy/national-science-exports
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