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Abstract

High-skilled migration drives the global circulation of scientific talent and underpins
knowledge production and innovation. Yet, internal and international migration have
typically been analysed separately, leaving their combined dynamics poorly understood.
Here, we present a unified global analysis of researcher migration across 1,941
subnationalregionsin 211 countries and territories from 2005 to 2020. Using bibliometric
data as a source of digital trace data, specifically changes in author’s affiliations, from
over 33 million journal articles and reviews by more than 19 million authors, we trace
annual sequences of internal and international gain, drain, and stability. We identify five
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distinct trajectories of researcher migration that capture the evolution of brain gain and
drain at subnational scales. These trajectories reveal that patterns of gain and loss
coexist within many countries, including major scientific hubs, highlighting uneven
internal dynamics of attraction and decline. Additionally, we explore national-level
factors associated with these trends. We find that OECD membership, research and
development (R&D) expenditure, and population size are the strongest correlates of
these migration trajectories. By integrating internal and international migration into a
unified framework, this study enables the identification and monitoring of areas where
scientific capacity is expanding or declining. This evidence can be used to guide targeted
interventions and spatially balanced investment in talent to reduce geographic
disparities.

Introduction

High-skilled migration is a critical component of today’s knowledge-based economic
development. Migration enables researchers to access different research environments
and provides opportunities for collaboration (7). As well as supporting an individual’s
career advancement (2, 3), this mobility facilitates global knowledge exchanges,
enhancing and expanding global research, discovery, and innovation (4, 5). Researchers
also bring key skills and expertise, which through research and innovation can enhance
and accelerate economic growth and development in the regions and countries in which
they work (6, 7). Through brain circulation, these benefits can be transferred beyond
administrative borders (8-77). Policy makers recognise these benefits by designing
migration policies to attract, and retain, top global talent (4, 7, 12).

To date, migration studies have been split between focusing on internal and international
movements (73, 174). Distinct branches of literatures, theoretical framings,
methodological approaches, and policy agendas characterise this bisection (75).
Despite conceptual attempts to integrate internal and international migration into a
consistent framework, empirical evidence remains disjointed, reflecting discrete and
diverse lines of inquiry in migration research (76, 77). While both internal (77, 78) and
international (79-22) migration play a crucial role in redistributing the pool of scientists
across the globe, less is known about how they interact to create persistent or changing
patterns of brain drain or brain gain over time, and the underpinning national-level factors
associated with these patterns. To address these limitations, we aim to analyse the
evolving patterns of internal and international migration over time in a unified framework.
Specifically, we seek to:

e Chart the trajectories of global researcher migration through examining both
internal and international migration;
e Map how different trajectories of researcher migration are globally distributed;



e Examine how the trajectories of global researcher migration are associated with
national-level correlates, including geographic, demographic, socioeconomic, as
well as tertiary education- and research-related factors.

To address these aims, we use bibliometric data as a novel source of digital trace data.
Specifically, we use metadata on more than 33 million journal articles and reviews by
more than 19 million authors. Through repurposing these data using academic affiliation
addresses, the mobility trajectories of individual researchers that span beyond one year
have been estimated. These data offer an expansive geographical scope; in total, 1,941
unique regions and 211 countries and territories are covered (S/ Appendix, Fig. S1
displays a map of regions covered in our analysis). As such, these data offer unique
global insights into the dynamics of both internal and international migration, which are
unavailable for other groups of migrants, including other high-skilled migrants (27, 23).
Our work complements previous studies which have demonstrated how bibliometric
data can be repurposed to study flows and rates of global researcher migration (20, 21,
23) by providing a complete typology of regions and an examination of factors associated
with the observed trends in researcher migration.

Combined migration trajectories are determined through sequence and cluster analysis,
with multinomial logistic regression modelling used to examine national-level factors
associated with these trends. Our approach integrates both internal and international
migration patterns into a simultaneous and unified analytical framework.

Results
Five distinct patterns of global researcher migration

For each subnational region in our global sample, annual counts of researcher migration
were converted to categorical descriptions of ‘Net Gain’, ‘Net Drain’, or ‘Stable Balance’
to reflect loss, gain, or stability in researcher migration (see these steps in S/ Appendix,
Fig. S8, expanded on in Methods). Internal and international labels were then joined to
produce annual combined subnational states. Through sequence and cluster analysis,
subnational regions displaying similar migration patterns were grouped. We identified
five distinct trajectories which characterise the global system of researcher migration,
displayed in Figure 1. These trajectories display prominent differences in the states that
they contain, as well as the timing and magnitude of these different states. Trajectories
have been labelled based on the most prevalent state that they contain.

[Figure 1 here.]

More than a quarter of subnational regions belong to the first trajectory, ‘Net Gain’. This
trajectory is characterised by both internal and international Net Gain as the dominant
trend, with subnational regions in this trajectory primarily experiencing a growth in the
number of researchers. While Net Gain is the dominant state, its relative prevalence has



diminished since the mid-2010s. Since then, other states including Net Drain have
become more prominent within this trajectory.

The ‘Internal Stable Balance; International Gain’ trajectory represents the least common
grouping, taking place in less than for 13% of subnational regions. This trajectory
represents subnational regions recording balanced patterns of researcher migration
internally and consistent gains from abroad. This state dominates across the time period,
however, there is some diversity, with Stable Balance/ Stable Balance also prevalent.

The ‘Stable Balance’ trajectory is the second largest, accounting for over 21% of
subnational regions. Those within this grouping are characterised by both internal and
international stability, indicating that the number of researchers within these areas has
notincreased, nor decreased, across the period. This suggests either limited mobility or
highly counterbalanced flows.

The fourth trajectory, ‘Internal Gain; International Stable Balance’, also accounts for 21%
of subnational regions. It includes regions gaining researchers through internal migration
while maintaining international stability through balanced mobility flows to, and from,
abroad.

20% of subnational regions belong to the ‘Net Drain’ trajectory. It represents subnational
regions in our sample displaying sustained losses of researchers to both internal and
international destinations. The dominance of the Net Drain/Net Drain state persists
across the full period, though some mixing with gain and stability categories indicates
occasional short-term recovery. These subnational regions represent persistent sources
of scientific outflow within the global system.

Patterns of brain gain and brain drain coexist in many countries

Figure 2 maps the global distribution of the five migration trajectories, revealing striking
subnational heterogeneity in researcher migration patterns within and across continents.
SI Appendix, Subnational regions by continent and Average number of scholars by
continent provide further details on continent level differences.

[Figure 2 here.]

Our results show that patterns of brain gain and brain drain frequently coexist within the
same national borders. Subnational regions in the Net Gain and Net Drain trajectory are
primarily located in North America, Western Europe, and Asia and display similar
distribution patterns. Collectively, these two trajectories account for almost half of the
subnationalregions in our global sample. They are the dominant trend in many countries
that report a high magnitude of researchers (see S/ Appendix Magnitude of flows and Fig.
S4) such as the United States, United Kingdom, China, India, and Australia (4, 20). These
parallel patterns within single countries challenge the notion that national-level statistics
can fully capture the dynamics of global talent attraction and retention. Instead, they



point to deep internal disparities in scientific capacity, whereby national-level brain gain
may mask growing regional imbalances and depopulation of researchers in peripheral or
less resourced areas.

Subnational areas within the Stable Balance trajectory are more evenly spread across
continents and make up a sizeable share of subnational regions globally. Geographical
clusters of such subnational areas, particularly in Eastern Europe (e.g., Belarus, Ukraine,
Russia), Africa (e.g., Sudan, South Africa), and South America (e.g., Argentina,
Colombia), suggest areas where researcher inflows and outflows are relatively
counterbalanced. However, as discussed later, this balance may not necessarily imply
dynamism or vitality, but rather a form of stasis, potentially associated with limited
mobility, weak pull factors, or underinvestment in research activities.

The less common Internal Stable Balance; International Gain trajectory appears
primarily in selected parts of Asia, Africa, and South America, with notable
concentrations in the Middle East (e.g., Iraq, Yemen, Oman). These regions appear to
benefit from international inflows while maintaining a relatively stable internal research
population, possibly reflecting targeted national policies aimed at attracting foreign
researchers without substantially reshaping domestic mobility patterns.

The Internal Gain; International Stable Balance trajectory includes a broader set of
subnational areas, notably in Eastern Europe, Asia, and South America (including Brazil,
Argentina, Chile, and parts of Mexico). These areas are experiencing modest but
consistent internal growth in their research population due to internal migration, while
maintaining relative stability in international flows, possibly reflecting domestic capacity
building efforts in higher education and research.

OECD-membership, R&D funding, and population size are key national-level
correlates of researcher migration trajectories

To examine how national-level factors are associated with the global distribution of high-
skilled migration across subnational regions, we carried out a multinomial logistic
regression model with Lasso regularisation. Due to data constraints, predictors are
measured at the national-level (further discussed in Methods): results should therefore
be interpreted as cross-level associations. Figure 3 presents the results, displayed as the
log-odds of predictors across the five distinct migration trajectories with 95% confidence
intervals. Asymmetric confidence intervals reflect both the non-linear log-odds scale
and the shrinkage effects of lasso regularisation (see S/ Appendix Lasso and confidence
intervals for further discussion). A table of these results is available in S| Appendix, Table
S4.

[Figure 3 here.]



Our multinomial regression model reveals that OECD membership, investment in R&D
and population size are strongly associated with cross-national differences in
subnational researcher migration trajectories. The magnitude and statistical significance
of the coefficients indicates that these structural factors are closely linked to where
talentaccumulates or disperses across countries. They are particularly strong predictors
of the Internal Stable Balance; International Gain trajectory, and Stable Balance
trajectories.

OECD member countries and those with high R&D expenditure are more likely to exhibit
subnationalregionsin both the Net Gain and Net Drain trajectories. This dual association
underscores a paradox: countries that are globally competitive in attracting researchers
also display persistent internal disparities in researcher retention. The positive
association of OECD status and R&D intensity on both gain and drain trajectories
suggests that national research wealth does not translate into evenly distributed
opportunity across subnational regions. Instead, scientific capacity becomes
increasingly polarised scientific capacity, with some subnational areas emerging as
talent hubs, while others experience sustained losses.

A larger national population and a greater number of globally ranked institutions are also
associated with a higher likelihood that countries exhibit subnational regions that belong
to either the Net Gain or Net Drain trajectory. This pattern is consistent with the notion
that cross-national differences in the concentration of resources and research
infrastructure are linked to more uneven subnational migration outcomes. Being located
in Asia is also positively associated with these trajectories, suggesting that the region’s
growing scientific prominence coincides with greater cross-national variation in
subnational migration patterns

In contrast, these same national-level factors (OECD membership, R&D expenditure, and
population size) are negatively associated with the likelihood that countries exhibit more
stable subnational migration trajectories, especially the Internal Stable Balance;
International Gain grouping. This is particularly evident in the sharp negative coefficients
for OECD membership and R&D expenditure, indicating that such stable and
internationally open subnational regions are more commonly observed outside major
scientific economies.

The Internal Net Gain; International Stable Balance trajectory exhibits a distinct profile.
National-level factors such as English-speaking status and presence of top institutions
are negatively associated with the likelihood that countries exhibit subnationalregionsin
this trajectory. Modest positive associations are observed for tertiary education
investment, population size, and location in Africa. These patterns suggest a slower but
steady internal build-up of scientific capacity in subnational areas with developing or
transitional research systems, often underrepresented in global discussions.



Human Development Index (HDI) categories, though less influential overall, reveal
distinctive cross-national patterns (A proportional bar chart of trajectory distribution by
HDI is available in S/ Appendix, Fig. S6). Countries with higher HDI levels are less likely,
on average, to exhibit subnational regions in the Net Drain trajectory, while those with
medium HDI levels are more likely to display the Internal Stable Balance; International
Gain pattern. Conversely, countries with lower HDI levels are less likely to exhibit
subnational regions experiencing even modest internal gains, instead tending toward
more stable balance trajectories. These associations reinforce the idea that migration
trajectories are embedded in broader development contexts, butthat HDI alone does not
fully account for the dynamics of brain circulation.

Discussion

Using bibliometric data on over 33 million journal articles and reviews by more than 19
million authors as a novel source of digital trace data, this study has presented combined
global trajectories for both internal and international researcher migration. Through
sequence and cluster analysis, we have demonstrated that five distinct trajectories
characterise the movement of researchers.

Our analysis reveals a deeply uneven geography of global researcher mobility. Net Gain
and Net Drain account for almost half of subnational regions. These patterns are
geographically concentrated in North America, Western Europe, and Asia and
particularly within countries consistently identified as top destinations for international
researchers, including the United States, Canada, the United Kingdom, Germany,
Australia, China, and Japan (20, 27, 24, 25). These findings challenge the notion that
some countries ubiquitously attract global talent through demonstrating dynamics of
decline within the same national borders. For example, though the United States is the
main receiver of international researchers (27, 25), we show that large parts of the
Midwest experienced pronounced losses while states along the west coast consistently
attracted researchers. This duality also characterises other popular destinations, such
as Australia (79, 20), where gains in most states coexisted with persistent losses in South
Australia. This coexistence of gain and drain within the same nations underscores that
national-level statistics can conceal profound subnational asymmetries.

Our modelling results illuminate the structural correlates of these asymmetries. Extant
literature has explored various drivers of researcher migration including country’s
economic development, scientific collaboration, and the presence of top institutions
(12, 19, 26-28). We considered a range of potential predictors and found that OECD-
membership, expenditure on R&D, and population size are strongly associated with
cross-national differences in subnational migration trajectories. This is consistent with
prior studies that have demonstrated the pre-eminence of highly resourced nations in
attracting global talent, as they provide access to advanced facilities, potential for career



progression and higher renumerated positions, as well as more extensive opportunities
(712, 29).

Critically, however, we also show that subnational regions within these countries
simultaneously experience Net Drain. Contrary to the view that internal and international
migration are distinct systems, our results reveal that trends are similar within many
subnational regions (23). Subnational regions that are attractive to international
researchers are often also attractive to internal researchers. The reverse of this trend is
equally evidenced, with subnational regions that have lost researchers to international
migration also losing internally. This mirroring implies that the drivers of mobility,
including research funding and institutional reputation, operate across scales.
Resultantly, countries widely regarded as top destinations for researcher migration may
simultaneously experience ‘academic depopulation’ through both internal and
international drain (23). The geography of researcher migration, therefore, cannot be
understood through international flows alone; itis equally a story of internal stratification
and spatial opportunity gaps.

While almost half of subnational regions exhibit Net Gain or Net Drain, the remainder
maintain some form of Stable Balance: internally (13%), internationally (21%) or both
(21%). This may indicate patterns of brain exchange (30, 37), whereby the movement of
oneresearcher—bothinternally and internationally —is replaced by another. This process
can have positive effects for reducing potential skill shortages caused by high-skilled
migration (32, 33). However, we find that countries exhibiting these more stable
subnational patterns are less likely, on average, to have high levels of R&D expenditure or
host globally top-ranked institutions. Therefore, stability may be indicative of stagnant
knowledge economies, whereby a lack of investment into research has contributed to a
lack of growth in the number of scholars entering these regions across the period (34,
35). This interpretation is consistent with the relatively small gain in internal and
international researchers amongst most regions within the Internal Gain; International
Stable Balance and Internal Stable Balance; International Gain trajectories (S Appendix,
Fig. S7 provides histograms displaying number of researchers gained or lost across the
period for these two trajectories).

There are important limitations to our research that should be considered. One shortfall
of bibliometric data is that it does not capture a researcher’s nationality. Through this
data, we are only able to detect where a researcher first publishes, referred to as their
‘academic origin, with migration prior to this point not available (22, 36). There are
ongoing advancements in assigning a nationality based on a scholar’s name, however,
these remain works in progress that are not currently available in bibliometric databases
(87). Several countries have policies that require government funded PhD recipients to
return after completing their education abroad (38, 39). For example, between 2012 and
2018, 79% of scholars emigrating from the US to China had Chinese names (37). This



suggests that while these author’s academic origin is the United States, they have
returned to their home country after graduation (ibid). Many countries have also adopted
programmes that incentivise researchers working abroad to return (8, 40). We anticipate
that these policies would influence the Internal Stable Balance; International Gain
cluster. However, without information about researcher’s nationality, we are unable to
account for this influence within our research.

Despite these limitations, our study unveils nuanced insights into the interlinkage
between the two systems of migration. We have highlighted five distinct global
trajectories of researcher migration, displayed the heterogenous geography of these
trajectories, and explore the national-level correlates of these trends. In doing so, we
identify subnational regions that have consistently gained and, conversely, those that
continually send researchers. This evidence can be used to identify and monitor
subnationalregions atrisk of decline, guide targeted interventions and, in doing so, foster
more resilient and regionally inclusive knowledge economies.

Materials and methods
Bibliometric data

The primary data used to understand the internal and international mobility of
researchers was bibliometric data. We use a 2020 snapshot of Elsevier’s Scopus data,
which includes more than 33 million article and review publications by more than 19
million authors throughout their career since 1996 (23) which is publicly available (47).
These data have been previously used to study the migration of researchers, where
sustained changes in affiliations are interpreted as migration events (7, 719, 20). To identify
migration events, we used a previously evaluated (27) method based on the most
occurring affiliation among all affiliations that an author has in a year (including multiple
affiliations in a single publication). The method compares the mode-affiliation and
subnational region with the previous year, after applying a two-year backfilling to address
publication delays documented in the literature (42) (SI Appendix, Right-censoring of
data). The data underwent preprocessing to remove and mitigate the influence of missing
observations (S/ Appendix, Missing data).

Methods

Drawing on previous research (43, 44), we devised a five-step methodological strategy to
define and analyse global trajectories of internal and international migration (see these
steps in S/ Appendix, Fig. S8). This involved sequence and cluster analysis to generate
combined trajectories, as well as mapping and regression modelling to explore and
understand correlates of these trends.

We first began by assigning categorical descriptions to our numeric count data, as
sequence analysis requires data to be in a categorical form (45). These descriptions



reflected whether a subnational region had experienced a ‘Net Gain, ‘Net Drain, or
‘Stable Balance’ in the movement of researchers each year (SI Appendix, Fig.9). A
category to reflect ‘Missing’ observations was also included.

Secondly, to analyse both internal and international trends simultaneously, an Extended
Alphabet (EA) approach was used. EAis a widely used approach for concurrent sequence
analysis and is well-suited in research such as ours that contains a relatively small
number of possible states and few rare states (45). Principally, it involves joining distinct
sequences into one through combining and re-labelling each category (46). We joined
both internal and international categories for each subnational region for each year. For
example, if a subnational region experienced internal Net Gain and international Net
Drain in 2005, our EA label for this year would be ‘Net Gain/Net Drain’. This allowed us to
generate new combined sequences that reflected both internal and international
migration for each subnational region across the period.

The third step was to use Optimal Matching (OM) to compare these sequences. This
approach consisted of measuring how similar sequences are by calculating how many
transformations would be required to turn one sequence into another (47). OM involves
aligning sequences and modifying them through three operations: insertion, deletion,
and substitution. Each operation is assigned a specific cost (S/ Appendix, Table S5
presents the substitution cost matrix outlining these costs). This total cost is a measure
of dissimilarity, with higher costs signifying greater dissimilarity. The costs of operations
are not uniform; by default, insertion and deletion costs are set to 1, while substitution
costs are determined based on transition rates between states. Less frequent transitions
incur higher substitution costs, as these costs are inversely related to the observed
transition frequency (47).

The resulting similarity measures were then used to inform the fourth step, cluster
analysis. The clustering method K-medoids, and specifically, the Partitioning Around
Medoids (PAM) algorithm, was used to group regions with similar migration patterns. This
approach is particularly useful in contexts such as ours, which involve non-Euclidean
distance metrics, such as categorical data, which make traditional methods such as K-
means inappropriate (48, 49). To determine the optimal number of clusters, we began by
iteratively applying PAM for various cluster numbers (we selected 2 to 20). For each
number, PAM was calculated, and the average silhouette width (ASW) was computed,
which provided the quality of clustering (48). Based on a balance between the ASW
number and overall interpretability, we selected five clusters as the optimal number. This
enabled us to develop a typology of internal and international migration trajectories for
each subnational region.

In the fifth step, we mapped the global geographic distribution of these trajectories. We
also analysed the relationship between these trajectories and a range of geographic
(continent), demographic (population density), socioeconomic (HDI category, English-



speaking, and OECD membership), as well as tertiary education- and research-related
(number of top institutions, expenditure on R&D, and expenditure on tertiary education)
variables. Predictor variables used within our regression model were operationalised at
country level. This was due to data availability; internationally comparable measures,
particularly for factors such as enrolment in tertiary education and expenditure on R&D,
were only consistently available at the national-level, necessitating the use of country-
level measures (S/ Appendix, Table S1 provides a detailed description of datasets used).

As ourdependentvariable, clustered trajectories, was hominal, we applied a multinomial
logistic regression. Lasso (Least Absolute Shrinkage and Selection Operator)
regularisation was applied using the R package ‘glmnet’ (50) to impose sparsity, due to
variations in the number of subnational regions within each cluster (57). This is achieved
by taking a traditional regression model and adding a penalty term. This penalty term
encourages sparse solutions as some coefficients are forced to 0, thus enabling feature
selection through the removal of redundantvariables. This enabled us to analyse how the
distribution of migration trajectories was influenced by a range of factors.
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Figure 1. Five distinct trajectories capture the long-term evolution of internal and
international researcher migration across subnational regions (2005-2020). Each
column shows region-level sequences (top: each row representing a subnational



region), annual state distributions (middle), and mean time spent in each migration
state (bottom).
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Figure 2. Global map of migration trajectories across subnational regions. Donut plots
show the proportion of subnational regions by trajectory type for each continent in our
study.
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Figure 3. Multinomial logistic regression model estimates of migration trajectory
memberships, presented as the log-odds (x-axis) and predictor variables (y-axis). For
each predictor, a score is reported for each trajectory, if that predictor is relevant to that
trajectory. A score of 0 indicates that this predictor does not influence the log-odds of
belonging to that trajectory. A negative score indicates that the predictor decreases the
log-odds of belonging to that trajectory. In turn, a positive score indicates that predictor
increases the log-odds of belonging to that trajectory. Lasso regularisation separates
intercepts and coefficients for each trajectory. Therefore, it models all categories
simultaneously and independently. As such, interpretations should assume all else
were held constant. South America and Very High Human Development were used as
continent and HDI reference categories.
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Supporting Information Text

Here, we present more details on the methods used in our study, as well as additional results
supporting and complementing the figures in the main text.

Materials and Methods

Right-censoring of data

As migration of researchers is detected based on changes in institutional affiliation within
publications by a scholar throughout their career, there is a challenge of right-censoring due to
publication delays (7). A two-year backfilling process was applied to address this delay. However,
it was not possible to perform this process for the final two years in our data, 2019 and 2020, as
data beyond 2020 was not available. Resultantly, we anticipate that results within these years are
an underestimate of migration events and should, therefore, be interpreted with greater care.

Missing data

Several steps were taken to remove missing data. While data were available between 1996 and
2020, data prior to 2005 exhibited higher rates of missing observations. Specifically, prior to 2005,
more than 30% of observations were missing each year. This means that the net count of either
internal or international researchers migrating to, or from, a region was not available within a
specific year. From 2005 onwards, rates of missingness fell below 30%. We therefore limited the
timespan of our study to 2005 onwards. This significantly reduced the amount of missing data
observed.

Following the concept of linear interpolation (2), some missing data was also infilled. Rather than
being based on a numeric value in the case of standard linear interpolation, these infilled values
retained categorical consistency. Where observations were present and of the same category in
the year before and after the missing observation, we infilled the missing observation to match
these categories. This allowed us to reduce periodic missingness within our data. Finally, we
calculated the overall percentage of missing data within each sequence per region. We then applied
different thresholds in 5% increments and performed clustering analysis. Based on a balance
between retaining unique regions and cluster quality, a threshold of 25% was selected. This means
that regions with more than 25% missing data were removed from our analysis.

After performing these steps, 1,532 unique regions (of the 1,941 within the original data) remained.
A map displaying the regions where data was available and used, where data was available but
was not used, and regions where data was unavailable was presented at S/ Appendix, Fig. 1.

Categorical labelling of data for sequence analysis

We used the categorical labels of ‘Net Gain’, ‘Net Drain’, and ‘Stable Balance’ to describe changes
in the number of researchers within a subnational region. While these classifications reflect
changes in scholarly movement, they do not capture the magnitude of change. Based on an
examination of both annual internal and international migration (Fig. S2), most annual changes in
the number of researchers were below 100. While some subnational regions experienced a high
number of researchers arriving or leaving, both internally and internationally, these regions
represent a small minority. Given that it would only capture a small number of subnational regions,
we did not further divide the data.

Furthermore, these categorical descriptions were selected as the terms ‘gain’ and ‘drain’ are widely
used within migration studies to describe the movement of researchers (3-6). However, we
recognise the negative connotations of ‘brain drain.’ This term has been criticised for implying one-
sided losses of skilled migrants, without recognising the benefits of such migration for sending
countries, such as remittances and knowledge sharing (7). These potential benefits are better
captured by the more recently proposed and used term ‘brain circulation’ (4).

Predictor variables

We selected a range of geographic, socioeconomic, demographic, as well as tertiary education-
and research-related variables to use within our multinomial logistic regression model (Table S1
provides a detailed description of data used). These variables were selected based on their



theoretical and conceptual relevance, as well as empirical grounding within extant research (8-
11), as potential influencers of researcher migration.

Our extended list of potential correlates was then assessed for multicollinearity and redundancy, to
ensure that our model balanced complexity and interpretability. Additional variables, such as HDI
scale and rank, as well as the number of higher education institutions within a region, were
considered. However, these variables exhibited high correlation with other variables in our model
(Fig. S3). The number of higher education institutions, for example, exhibited a high correlation
(>0.9) with the number of top higher education institutions. As the number of top institutions has
been shown to influence the migration of researchers (712) and led to a better model fit, we retained
this variable in our model.

Lasso and confidence intervals

As detailed previously, Lasso (Least Absolute Shrinkage and Selection Operator) regularisation
was used due to variation in observations across clusters. Due to the penalty term applied by Lasso,
bias is introduced to coefficient estimates (13). Resultantly, standard confidence interval estimates
are not valid (14). Debiasing approaches, such as desparsified or debiased Lasso, have been
introduced for linear and binary logistic regression models (14). However, their application to
multinomial logistic regression models remains limited and has not been widely used.

Therefore, to quantify the uncertainty of the estimated coefficients, we employed nonparametric
bootstrapping with B = 200 replicates (15). Within each replicate, the data was resampled with
replacement and the model was re-estimated. Bootstrap distributions of the coefficients (log-odds)
were then summarised by their median values. 95% confidence intervals, calculated as 2.5% and
97.5% empirical quintiles, were also reported. Predictors that had a median coefficient of zero,
meaning that they were excluded by the Lasso penalty, were not included in the final visualisation.

Results

Subnational regions by continent

Table S2 shows the distribution of subnational regions by cluster by continent. Observations are
not evenly distributed across continents due to variation in the number of subnational regions per
continent and data availability. Continents with fewer subnational regions, such as Oceania, display
fewer results. Continents with less available data, particularly Africa, also have fewer observations.

Average number of migrating researchers by continent

For each continent, the average number of migrating (internally and internationally) researchers
and standard deviation were calculated. These results are displayed in Table S3. The average
number of researchers varies across continents. Asia, Africa, and South America display relatively
low numbers, ranging between 10.34 and -13.93, indicating that subnational regions within these
continents have, on average, not gained nor lost more than 14 researchers across the period.
However, the standard deviations for Asia and South America are large, demonstrating wide
variation in the total number of researchers across subnational regions. The average number of
researchers for Europe, North America, and Oceania displays a larger range of between -41.45
and 187.58, indicating that subnational regions within these continents have gained and lost high
numbers of researchers across the time period. These continents, particularly North America and
Oceania, also exhibit high variation, indicating large diversity in the average number of researchers
across subnational regions. This highlights significant variation in the number of researchers
migrating within subnational regions across these continents.

Magnitude of flows

We plotted the magnitude of total flows by calculating the difference between total internal migration
and total international migration between 2005 and 2020 (as shown in S/ Appendix, Fig. S4). These
figures are based on the net count of internal and international migrants by subnational region.
Most subnational regions experience a total gain or loss of researchers within the range of 4,000
to -4,000. Far fewer regions experience a change in the number of researchers outside of this
range. However, California (the United States), as well as Guangdong and Shandong (China),



experience very high gains. In contrast, Beijing (China), Tehran (Iran), lle-de-France (France), Sao
Paulo (Brazil), and Seoul (South Korea) experience a significant loss of researchers.

Diversity of clusters within countries

To explore the diversity of cluster distribution within countries, entropy scores were calculated.
Specifically, the entropy function provided in Eq. 1 was used to measure variation in cluster
distribution at a subnational level within country boundaries, where p represents the probability of

each cluster within a country.
H= - Z plog,p
(1]

Country level entropy scores were then mapped (Fig. S5). A higher entropy score signifies greater
diversity in the distribution of clusters at a subnational level within a country, whereas a lower
entropy score indicates greater uniformity in cluster distribution. Greenland has a low entropy score,
as subnational regions within this country belong to the same cluster. In contrast, Indonesia,
Nigeria, and Russia have high entropy scores as subnational regions within these countries belong
to several different clusters. Relatively low entropy scores are also observed for Germany, ltaly,
Australia, and the United States. While subnational regions within these countries belong to a
couple of different clusters, they exhibit relatively homogenous cluster membership at a national
level.
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Fig. S1. Global map of data availability by subnational region.
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Fig. S4. Global map displaying magnitude of flows for subnational regions. Magnitude is
calculated based on net total migration from both internal and international migration between
2005 and 2020.
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Tables

Table S1. Description of predictor variables used within our multinomial logistic regression model.

Predictor name

Predictor description

Source

Geographic

Continent

Continent of subnational region — 0/1

Demographic

Population size
(standardised)

Number of people within a country. Data was
standardised

World Bank (2005)

Socioeconomic

HDI

HDI category of each country (Very High, High,
Medium, and Low) — 0/1

UN (2025)

English-speaking

Countries with English speaking population, or with
English as an official language — 0/1

CIA — The World
Factbook (2025)

OECD- OECD member state — 0/1 OECD (2025)
membership

Higher education- and research-related
Number of top Number of top 200 institutions within a country. Data Times (2010/2011)
institutions was standardised

Expenditure on
R&D

Expenditure on R&D as a percentage of a country’s
GDP. Data was standardised

World Bank (2005*)

Expenditure on
tertiary education

Expenditure on tertiary education as a percentage of a

country’s expenditure on education. Data was
standardised

World Bank (2005*)

Abbreviations: HDI (Human Development Index); UN (United Nations); CIA (Central Intelligence
Agency); OECD (Organisation for Economic Co-operation and Development); R&D (Research
and Development); GDP (Gross Domestic Product)

*Data from 2005 was used if available. If unavailable, available data from the closest subsequent
year was used. Resultantly, data for two countries is not necessarily sourced from the same year.

14



Table S2. Distribution of subnational regions by cluster, by continent.

Net Gain Internal Stable Stable Internal Gain; Net Drain
Balance; Balance International
International Gain Stable Balance
Africa 42 50 63 57 26
Asia 132 67 66 115 112
Europe 120 21 122 99 117
North America 57 20 35 15 24
Oceania 9 7 8 3 6
South America 30 28 33 30 18
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Table S3. Average number of researchers migrating per year, by continent.

Continent Average number of researchers Standard deviation
migrating per year
Africa 10.34 74.55
Asia -7.34 788.17
Europe -41.45 439.85
North America 133.53 935.74
Oceania 187.58 646.38
South America -13.93 431.13
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Table S4. Table of multinomial logistic regression with Lasso regularization results. Also
displayed are 95% confidence intervals. Within the model South America and Very High Human
Development were used as reference categories for continent and HDI category.

Predictor Net Gain Internal Stable Stable Balance Internal Gain; Net Drain
Balance; International
International Stable Balance
Gain
(Intercept) 0.7851 (0.3320 -1.7884 (-2.9573 0.3256 (-0.1286 — 0.4721 (0.0185 — 0.2555 (-0.2088
—1.2601) --1.1109) 0.7544) 0.9547) —0.6929)
Africa 0.0000 0.0000 0.0000 0.0658 (-0.0004 0.0000
—0.8754)
Asia 0.2145 (- 0.0000 -0.1366 (-0.7220 — -0.0921 (-0.7605 0.2036 (0.0000
0.0125 - 0.0003) —0.0007) —0.8968)
0.6836)
Europe -0.3594 (- 0.0000 0.7387 (0.3262 — 0.0000 0.0000
0.8359 — 1.3371)
0.0000)
North America 0.0000 0.0000 0.7458 (0.0000 — 0.0000 -0.2763 (-
1.4562) 1.1272 -
0.0000)
High HDI 0.0000 0.0956 (-0.0394 0.0000 0.0000 -0.3387 (-
—0.6578) 0.8172 -
0.0000)
Medium HDI -0.0753 (-  0.4919 (0.0000 — 0.0000 0.0000 0.0000
1.0152 - 1.3600)
0.0000)
Low HDI 0.0000 0.0000 0.3429 (0.0000 — -0.6282 (-1.7549 0.0000
1.1905) —0.0000)
Population size 0.0000 -1.0122 (-2.6131 -0.7069 (-2.4781 —- 0.1491 (0.0000 — 0.4592 (0.1598
—-0.1803) 0.0616) 0.5234) —0.8600)
OECD 0.5319 (0.0631 -1.1527 (-2.0540 -1.0367 (-1.4509 — - 0.0000 0.9076 (0.2988
- 1.1579) —-0.4113) 0.3952) —1.5086)
English 0.0000 -0.4389 (-1.2845 0.3265 (0.0000 — -0.0872 (-0.6970 0.0000
speaking —0.0000) 0.8359) —0.0012)
Expenditure on 0.2238 (0.0000 -3.0121 (-4.6684 -0.1340 (-0.5476 — 0.0000 0.2945 (0.0012
R&D —0.5207) —-1.4705) 0.0000) —0.5513)
Expenditure on 0.0207 (- 0.0000 -0.2590 (-0.4841 —- 0.0722 (-0.0470 -0.0080 (-
tertiary 0.0668 — 0.0111) —0.2871) 0.2543 —
education 0.2441) 0.1113)
Number of top  0.4060 (0.1913 0.0000 -0.2482 (-0.9074 — -1.2001 (-2.9619 0.2395 (0.0079
institutions —0.8768) 0.0000) —-0.2316) —0.6809)
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Table S5. Substitution cost matrix generated using Optimal Matching.

Net Stable Stable Missing Stable Net Net Net Net Drain/ Net Missing/ Stable Net Gain/ Missing
Gain/Net Balance/ Balance/ / Balance Drain/Net Gain/Stable Gain/Net Stable Drain/ Stable Balance/ Missing /Net
Gain Stable Net Gain Missing /Net Drain Balance Drain Balance Net Balance Missing Gain
Balance Drain Gain
Net Gain/Net 0 1.900681 1.787697 1.9637 1.90251 1.851716 1.676876 1.676176 1.821684 1.6614 2 2 1 1
Gain 3 98
Stable 1.900681 0 1.593731 1.67746 1.82815 1.98998 1.683624  1.97695 1.870911 1.9674 1.704176 1.660431 2 2
Balance/Stable 6 6 39
Balance
Stable 1.787697 1.593731 0 1.92330 1.64954 1.960747 1.841121 1.935416 1.925979 1.9196 2 1.329218 2 1.99887
Balance/Net 2 2 23 8
Gain
Missing/Missing 1.9637 1.677466 1.923302 0 2 2 1.908901 2 2 2 2 2 2 2
Stable 1.902513 1.828156 1.649542 2 0 1.900901 1.936255 1.873727 1.960528 1.9227 2 1.998805 2 2
Balance/Net 64
Drain
Net Drain/Net  1.851716 1.98998 1.960747 2 1.90090 0 1.949071 1.61851 1.861222 1.6714 2 2 2 2
Drain 1 86
Net Gain/Stable 1.676876 1.683624 1.841121 1.90890 1.93625 1.949071 0 1.897905 1.746478 1.8945 1.288648 2 1.999569 2
Balance 1 5 69
Net Gain/Net 1.676176 1.97695 1.935416 2 1.87372 1.61851 1.897905 0 1.905149 1.8116 2 2 2 2
Drain 7 35
Net 1.821684 1.870911 1.925979 2 1.96052 1.861222 1.746478 1.905149 0 1.8088 1.998802 2 2 2
Drain/Stable 8 72

Balance




Net Drain/Net  1.661498 1.967439 1.919623 1.92276 1.671486 1.894569 1.811635 1.808872
Gain 4

Missing/Stable 2 1.704176 2 2 2 1.288648 2 1.998802
Balance

Stable 2 1.660431 1.329218 1.99880 2 2 2 2
Balance/Missing 5

Net 1 2 2 2 2 1.999569 2 2
Gain/Missing

Missing/Net 1 2 1.998878 2 2 2 2 2

Gain
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