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Abstract

Most web and digital trace data do not include information
about an individual’s nationality due to privacy concerns. The
lack of data on nationality can create challenges for migration
research. It can lead to a left-censoring issue since we are un-
certain about the migrant’s country of origin. Once we ob-
serve an emigration event, if we know the nationality, we can
differentiate it from return migration. We propose methods to
detect the nationality with the least available data, i.e., full
names. We use the detected nationality in comparison with
the country of academic origin, which is a common approach
in studying the migration of researchers. We gathered 2.6 mil-
lion unique name-nationality pairs from Wikipedia and cate-
gorized them into families of nationalities with three gran-
ularity levels to use as our training data. Using a character-
based machine learning model, we achieved a weighted F1
score of 84% for the broadest- and 67%, for the most gran-
ular, country-level categorization. In our empirical study, we
used the trained and tested model to assign nationality to 8+
million scholars’ full names in Scopus data. Our results show
that using the country of first publication as a proxy for na-
tionality underestimates the size of return flows, especially
for countries with a more diverse academic workforce, such
as the USA, Australia, and Canada. We found that around
48% of emigration from the USA was return migration once
we used the country of name origin in contrast to 33% based
on academic origin. In the most recent period, 79% of schol-
ars whose affiliation has consistently changed from the USA
to China, and are considered emigrants, have Chinese names
in contrast to 41% with a Chinese academic origin. Our pro-
posed methods in addressing left-censoring issues are bene-
ficial for other research that uses digital trace data to study
migration.

Introduction

Sociological and demographic research has increasingly
used web and digital trace data (Kashyap et al. 2023;
Alburez-Gutierrez et al. 2019). The nationality of an indi-
vidual is not included in most digital trace data to preserve
privacy. If we only use observational data for migration re-
search, we cannot be certain about the country of origin of a
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migrant. Hence, the migration trajectories based on the digi-
tal traces could be prone to a left-censoring issue because we
do not know if the first emigration event observed in digital
traces is from the actual country of origin. This emigration
event could have been recorded in one of the next locations
along the migration trajectory. To address this, we need to
identify an individual’s nationality. Here, we proposed meth-
ods for this identification that use the least available infor-
mation, i.e., full names. If we accurately identify nationali-
ties using names, we can complement observational data by
adding a baseline for comparison to resolve uncertainties in
migration trajectories.

Bibliometric data, which is information extracted from
scientific publications, is increasingly used for demographic
research (Kashyap et al. 2023). The literature highlights its
value as a resource for analyzing the migration patterns
of actively publishing researchers by examining consistent
changes in the countries of affiliation (Zhao et al. 2023; Ak-
baritabar, Theile, and Zagheni 2024; Sanliturk et al. 2023).
Bibliometric databases do not provide information about a
scholar’s country of origin or nationality. As a result, re-
searchers use various methods and data to determine the
country of origin for these individuals, such as census data
(Lewison et al. 2016; Grilli and Allesina 2017). Using the
country of affiliation where a scientist published their first
paper as their country of “academic birth” is a common prac-
tice (Kashyap et al. 2023; Zhao et al. 2023; Thelwall 2023).
Here, we aimed to provide an alternative method for iden-
tifying scholars’ nationalities through bibliometric data by
using their names. By recognizing the nationalities of schol-
ars, we can re-identify the composition of the population of
scholars per country. We can recalculate migration rates with
this alternative measurement of the country of origin. Fur-
thermore, the detected nationality helps differentiate emigra-
tion from return migration of the graduate students to their
home countries who were identified as emigrants based on
their academic origin (Sanliturk et al. 2023).

Names are often culturally specific and passed down
through generations. They may reflect the nationality, race,
or ethnicity of one’s parents. Consequently, full names can
sometimes serve as indicators to infer these attributes (New-
man et al. 2018; Schaefer and Grusky 2013). However, we
acknowledge that identifying someone’s nationality, race, or



ethnicity, based solely on their name is not always reliable,
particularly among second-generation migrants, children of
mixed-ethnic families, and those who experience changes in
names. Additionally, the nationality identified using names
could not be considered an equivalent for citizenship (Amit
and Dolberg 2023; Vathi and Vathi 2015). Nevertheless, in
the context of migration research, when we have already ob-
served a consistent movement event, if we identify the na-
tionality using names, we can differentiate whether this is
more likely to be an emigration or a return migration. Lan-
guage models have shown remarkable proficiency in text-
based tasks, including identifying patterns in names to pre-
dict nationality. ByT5 models are considered one of the most
advanced language models for character-based text process-
ing (Xue et al. 2022).

This paper aims to differentiate between the emigration
and return migration of actively publishing researchers using
Scopus bibliometric data, comprising 28+ million publica-
tions from 8.2 million researchers between 1996 and 2020.
The dataset includes the names and affiliation addresses of
scholars but lacks information on the countries of birth or
nationalities. We use character-based language models to
predict the likely origin of scholars’ names. We train these
models using 2.6 million unique name-nationality pairs from
individuals with Wikipedia pages, which is independent of
Scopus data. Our training data is more comprehensive than
prior studies that relied on publicly available data. Follow-
ing the methodology of Ye et al. (2017) and Ye and Skiena
(2019), we categorized nationalities into three hierarchical
levels and customized them based on our training data, rang-
ing from broad nationality or ethnic groups (12 classes) to
more specific countries (175 classes). After analyzing the
composition of selected countries based on the country of
name origin, we will explore the impact of using the origin
of scholars’ names as a proxy for their nationality. Specif-
ically, we aim to assess whether this approach would alter
the size and direction of return migration flows based on
academic origin. To support replication and further research,
we publicly released the pre-trained models, country catego-
rizations, and training data developed in this study. The next
sections are structured as follows: after reviewing the related
works, we describe nationality detection, which covers data
processing, categorization, model training, and evaluation.
Following this, there is a section on our empirical study of
Scopus bibliometric data that provides insights into the em-
igration and return migration of researchers.

Related Work

Bibliometric data is increasingly used to analyze scholars’
migration. These studies consider consistent changes in af-
filiation addresses spanning more than one year as an in-
dicator of a migration event. They used the country where
a scientist published their first paper as the country of aca-
demic birth (Kashyap et al. 2023; Zhao et al. 2023; Sanliturk
et al. 2023; Akbaritabar, Theile, and Zagheni 2024). Thel-
wall (2023) used academic origins and studied the unique-
ness and distribution of first and last names. Sanliturk et al.
(2023), and Akbaritabar, Theile, and Zagheni (2024) used
academic origin to study the relationship between schol-
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ars’ migration and economic development, and to investigate
the global bilateral flows and rates of international migra-
tion, respectively. It is shown that a significant proportion
of researchers move from developing to developed coun-
tries, a phenomenon often described as “brain drain” (Do-
dani and LaPorte 2005). However, evidence of return migra-
tion suggests a “brain circulation,” where scholars contribute
to their home countries after gaining international experi-
ence (Crescenzi, Holman, and Orru’ 2017). The literature
also highlights the role of collaborative networks and insti-
tutional policies in facilitating or hindering scholars’ mobil-
ity (Moed, Aisati, and Plume 2013; Walk and Akbaritabar
2024).

Recent studies have explored the return migration of
scholars and the factors influencing it. Zhao et al. (2022)
used Scopus data from 1996 to 2020 to analyze the depar-
ture and return of German-affiliated researchers —based on
country of academic origin— and found that gender, aca-
demic cohort, and discipline significantly impact return mi-
gration. Male researchers were more likely to return to Ger-
many compared to their female counterparts. Similar pat-
terns were observed in a study on the return migration of
academics by Gaulé (2014), which identified career oppor-
tunities, personal reasons, and institutional support as key
drivers for scientists deciding when and if to return to their
home country.

The literature also highlights the complexity of migra-
tion decisions beyond simple return scenarios. For exam-
ple, scholars may engage in circular or onward migration
(similar to migration pathways proposed by King and Skel-
don (2010)), where they continue to move between different
countries rather than permanently returning to their home
country, which could be driven by the global dynamics of
academic opportunities and knowledge exchange (Constant
2021, 2020). Hence, it is important to consider individual
and contextual factors in the study of global academic mo-
bility (Cattaneo and Robinson 2020). Furthermore, Zhao
et al. (2023) have reported gender disparities in scholarly
migration and showed that female researchers are less likely
to migrate internationally, which could often be due to in-
stitutional, social, or familial constraints. It is important to
consider demographic factors’ effect on academic mobility.

Researchers studying the distribution of scholars’ nation-
alities and migration often use census data to determine the
nationality. Census data provides the most common or pop-
ular names for each country. For example, this approach is
used by Lewison et al. (2016) to determine the nationality of
lung cancer researchers based on the countries where their
last names are most prevalent. A similar approach is taken
by Grilli and Allesina (2017) for analyzing mobility, gender
imbalance, and nepotism within academic systems. loanni-
dis et al. (2021) examine scientists with common Greek sur-
names to identify Greek scientists in Greece and in the dias-
pora.

In recent years, several methods have been developed to
analyze the text of an author’s name and estimate their na-
tionality. For instance, Le et al. (2021) conducted an analy-
sis of disparities in scientific society honors using machine
learning to determine the origins of authors’ names, and



Jain, Enamorado, and Rudin (2022) used machine learning
to predict ethnicity to analyze political donations from vari-
ous ethnic groups. However, they applied a machine learning
method to a smaller amount of training data.

Machine learning (ML) models have demonstrated excep-
tional performance in text-based tasks, such as identifying
patterns in names to predict nationality, ethnicity, or race.
Numerous studies have used ML for name-based classifica-
tion. For instance, Treeratpituk and Giles (2012) developed a
name-ethnicity classifier using multinomial logistic regres-
sion, while Lee et al. (2017), Le et al. (2021), and Jain, En-
amorado, and Rudin (2022) used recurrent neural networks,
and Kang (2020); Chaturvedi and Chaturvedi (2024) used
convolutional neural networks for name-nationality classifi-
cation. These approaches, however, are often constrained by
limited training datasets, leading to potential biases in the
results. To mitigate such biases, it is crucial to train mod-
els on large datasets and evaluate them on distinct data from
the training set. One example of a system addressing this
is NamePrism (Ye et al. 2017; Ye and Skiena 2019), which
uses Naive Bayes to create name embeddings for classifying
nationalities and ethnicities, revealing relationships between
names across different groups. Despite its strength in lever-
aging extensive data, the proprietary nature of its dataset and
lack of publicly accessible code restricts further exploration
of its method by other researchers.

Following the presented literature, we aimed to provide
an alternative method for identifying scholars’ country of
origin through bibliometric data by assigning a nationality
using ML models. Our analysis uses authors’ first and last
names and a substantially larger amount of training data than
previous research. We ask whether part of the high emigra-
tion rates reported in the literature (Akbaritabar, Theile, and
Zagheni 2024; Sanliturk et al. 2023; Zhao et al. 2023), from
countries such as the USA to destinations such as China,
could be the return migration of graduate students and schol-
ars to their country of origin.

Data and Methods

To develop an ML model to assign a country of origin to
names, we need a training dataset containing pairs of names
and nationalities. We used this to train our classification
models. The full names served as our textual data, while
the nationalities served as the classes. Obtaining such data
proved challenging due to the private nature of personally
identifiable information.

Public Wikipedia introduction pages for individuals are a
valuable resource as these pages often include a biography
outlining the nationality, birthplace, or citizenship details.
We gathered publicly available datasets based on Wikipedia,
typically created for other purposes like text generation for
ML. We combined seven different datasets, resulting in 2.6
million unique name and nationality pairs for training our
classification models (see Table 1). Additionally, we used
DBpedia’s Application Programming Interface (API)' to
fill in missing information from Wikipedia. We focused on

"https://dbpedia.org/page/Web_API
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pages that provided at least one of the following informa-
tion: nationality, birthplace, or citizenship.

We evaluated our model’s performance on two test
datasets from different sources than the Wikipedia dataset
used for training (see the bottom rows of Table 1, also see
more information about data collection and pre-processing
in Appendix).

We developed a hierarchical nationality categorization
framework with three levels of granularity. Each level builds
on the lower level, allowing for a clearer understanding of
name similarities among individuals. The first level has 12
classes, the second has 30, and the third, country level, has
175. To do this, we used the frameworks developed by Ye
et al. (2017) and Le et al. (2021) and adjusted them to fit
our dataset. For instance, we added countries from Ocea-
nia and the Caribbean. This ensures a more comprehensive
representation of naming patterns across diverse regions. We
eliminated countries where we had fewer than 100 instances,
as they were considered small classes. We also excluded
countries with multicultural populations, such as the US,
Canada, Australia, New Zealand, and South Africa, from the
training and testing. However, consistent with prior frame-
works, we included them in the empirical analysis, i.e., to
assign nationality to names from Scopus data. In addition,
we present comparative results on the composition of schol-
ars in these countries of immigration to show their diverse
scientific workforce. The UK, while a multicultural coun-
try, was chosen to represent English-origin names because it
strikes a balance between diversity and classification perfor-
mance, as reflected in its relatively lower entropy and higher
F1 score compared to other predominantly English-speaking
nations. For the rationale regarding the inclusion and exclu-
sion of countries, please refer to Appendix.

Figure 1 presents our classification as a treemap, where
the first column shows broader first-level groupings (e.g.,
“German” and “Dutch” as “German”), the middle column
groups the countries by second-level classes (e.g., Germany,
Austria, and Switzerland as “German”), and the third col-
umn corresponds to the main classification at the country-
, 1.e., most granular, level. The classes are ordered by size
within each category. This figure also shows the distribution
of classes in the training dataset at each of the three lev-
els. At the country level, Germany is the largest class, fol-
lowed by the UK, France, and Italy. At the second level, the
German class is predominant, followed by English, Spanish,
and French. At the broadest level, Germanic leads, followed
by Hispanic, Romance, English, and Slavic. Although class
sizes are influenced by the number of Wikipedia pages per
country, we mitigated this by collecting more data and ad-
justing our methods to balance small and large classes.

We also used two separate test sets to test the robust-
ness of our trained models (see the bottom rows of Table
1). It is important to note that these test sets have different
class distributions; for example, in the I[USSP data, the ma-
jor classes are India, Brazil, France, and Nigeria, and in the
athletes’ data, the largest classes are Indonesia, South Ko-
rea, and China (See figures with the composition of classes
in the Appendix).

Letter patterns are important in full-name processing. We



Name Description Volume
Wikipedia notable people’s mobility (Lucchini 2019) This dataset contains mobility data of notable people whose biography is regis- 2,190,457
tered in Wikipedia.
.. Nationality Estimate (Le et al. 2021) This dataset is constructed with name-nationality pairs by parsing the English- 696,136
Training data o
language Wikipedia.
WikiBio (Wikipedia Biography Dataset) (Lebret, This dataset gathers biographies from English Wikipedia. 418,978
Grangier, and Auli 2016)
Wikipedia Person Dataset (Wang et al. 2018) This dataset gathers the infobox with the description of the person’s page. 355,468
Politicians on Wikipedia (Wagner 2017) This dataset contains information about politicians from Wikipedia. 54,877
Pantheon 1.0 dataset (Yu et al. 2016) This dataset includes the biographies present in more than 25 languages in 16,071
Wikipedia.
Wikidata Processed by our colleague. 131,731
SUM 3,874,776
SUM after removing duplicates 2,634,445
SUM after removing multi-cultural countries and small classes 2,245,768
Athletes (Kang 2020) Data collected from the sports sites. 42,413
Test data
International Union for the Scientific Study of Popula-  Information on IUSSP member’s self-reported nationality, field of specialty, spo- 1,547

tion (IUSSP) public members’ directory”

ken languages, affiliation, etc.

Table 1: Datasets used for training (top) and testing (bottom) the ML models.

used character-based ML methods to detect these patterns.
We used three neural network approaches. First, we used
FastText, a skip-gram model that represents each word as
a collection of character n-grams (Bojanowski et al. 2017).
It is well-suited for name processing due to its ability to cap-
ture subword information, making it robust to rare or unseen
names. Second, we used a character-based convolutional
neural network (char-CNN), which includes an embedding
layer, k CNN layers (with k as a hyperparameter), and layer
normalization (Zhang, Zhao, and LeCun 2015; Wu 2017).
CNNss are effective for processing names because they excel
at capturing local patterns within character sequences, which
is essential for distinguishing variations in names. Similarly,
a character-based long short-term memory (char-LSTM),
consisting of an embedding layer, k BiLSTM layers, and
layer normalization, is particularly suited for handling se-
quential data like names (Verwimp et al. 2017; Graves and
Graves 2012). It captures long-range dependencies between
characters, enabling better handling of name structure and
variations. The best practices that are publicly available, and
used in previous studies, include char-LSTM by Lee et al.
(2017), Le et al. (2021), and Jain, Enamorado, and Rudin
(2022), and char-CNN by Kang (2020) and Chaturvedi and
Chaturvedi (2024).

Third, we used a byte-level transformer model based on
the TS architecture (ByT5) in three versions: small, base,
and large (Xue et al. 2022). ByT5 processes text at the byte
level, making it inherently character-based, which is crucial
for handling names with diverse structures and spellings.
ByTS5’s character-level processing enables it to learn sub-
tle orthographic and phonetic patterns that are often specific
to different nationalities. This capability is particularly ad-
vantageous in name classification tasks (Lee et al. 2017).

639

Furthermore, ByT5’s token-free design enables it to handle
noisy inputs and to generalize to rare or previously unseen
names, which are common challenges in name-based classi-
fication tasks. Huang et al. (2023) used ByTS5 to study char-
acter representations within subword-based language mod-
els, and Stankevicius et al. (2022) have used ByTS5 for tasks
such as diacritic restoration and typo correction. We trained
all three versions from scratch on our Wikipedia dataset
without altering the model architecture.

To test the performance of our models, we divided our
dataset into training, validation, and test subsets, comprising
65%, 15%, and 20% of the data, respectively (see Table 1).
Models were trained on the training set, fine-tuned using the
validation set with Optuna (Akiba et al. 2019), and then re-
trained on the combined training and validation sets before
being evaluated on the test set using 5 random seeds. Due
to computational constraints, this process was limited for
larger models like ByT5. We also assessed performance on
two additional test datasets (athletes and IUSSP data). Given
the data imbalance, we used weighted F1 score, macro F1
score, and accuracy as evaluation metrics. The weighted and
macro F1 score balances precision and recall, emphasizing
minority class performance while checking accuracy to pro-
vide a fair measure of overall performance. Please refer to
Appendix for more information about the hyperparameters
and training details.

Table 2 provides a comparison of the performance of
the models on the test set derived from the Wikipedia
dataset as our first model assessment. The results demon-
strate that ByT5 models, on average, slightly outperform
other character-based methods in terms of accuracy and F1
scores across all three levels of classification. Based on the
evaluations presented in this table, we used the ByT5 model,



Level 1 Level 2 Level 3

Germany 11%

German 17% German 16%

Switzerland 2%

T Austria 2%
utcl (]
Spain 4%
H 0,
Hispanic 15% Spanish 11% voreo I
(]
Brazil 2%

Portuguese 3%

French 8%

Italian 6% Italy 5%

Romance 15%

United Kingdom 10%

English 13% English 13%
B Ireland 2% -
I Russian 4% [JJJj M Russia 3% il

Slavic 11% l SouthSlavs 4% .
[EastEuropean 3%

Sweden 3%
| Nordic-Baltic 9% Jj}l Scandinavian | Scandinavian 7% - —

Chinese 2%
Japanese Z%

EastAsian 6% Japan 2%

Muslim 6%

[l southAsian 4% I indian 4% I India 3% N
B African 3% ™ WestAfrica 2% ==

maw Arab 2% s

Figure 1: Distribution of nationality classes in the training
dataset. Each column sums up to 100% and represents one
of the three classification levels, from the left (broader) to
the right (more detailed). All classes are shown, but only
those bigger than 1.5% of the total are labeled.

which performed better. At the first level of classification,
the model achieves an accuracy of approximately 84%. At
the second level, the accuracy remains high at around 81%.
However, as the number of classes increases, the model’s
performance decreases to about 68% at the third level. Nev-
ertheless, considering the complexity arising from the 175
classes, this performance can still be considered acceptable,
although it could be improved in future research. Accuracy
at the third level varies considerably between classes. De-
spite an average Fl-weighted score of about 68%, some
countries, such as Japan, have F1 scores above 90%, while
others have F1 scores below 10. The four countries for which
the model is most accurate belong to the “East Asian” at
the first level, while 6 of the 10 countries with the lowest
F1 score belong to the Hispanic class (see Figure 8 in Ap-
pendix).

These findings highlight the effectiveness of the ByT5
models in handling the classification task in comparison
with other character-based neural networks. FastText out-
performs both char-CNN and char-LSTM models. Addition-
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ally, since FastText’s core code is written in C++ rather than
Python, it is the fastest model among those we used (Refer
to Appendix for more information).

As a second model assessment, we used two out-of-
domain and separate test sets from different sources. While
our model has not seen these datasets, and these data have
different origins and distributions (see Figure 5 in Ap-
pendix), the metrics are almost the same as the performance
on the Wikipedia test set (see Table 3), demonstrating the
robustness of the performance of the trained ByT5 models.
The reasons for this are twofold: First, we used a sufficiently
large training dataset to ensure that we have a reasonable
number of samples, even for minor classes. Second, we used
a character-based large language model (ByT5) that includes
several layers of transformer and attention modules, which
allows it to extract subtle and hidden patterns in names.

Results

We aimed to compare the emigration flows of researchers
based on the country of academic origin —country of af-
filiation in the first publication— with nationality predicted
using machine learning. We used a dataset from Scopus con-
taining 8.2 million full author names and countries of affili-
ation throughout an author’s career.

First, we investigated the composition of a country’s pop-
ulation of scholars based on ML-assigned nationalities (level
2 regions). The top row in Figure 2 shows the three coun-
tries that had the largest populations in Scopus among those
countries included in the training dataset. It shows that 97%
of scholars affiliated with institutions in China have Chinese
names. 73% of scholars in Germany have German names,
and 90% of scholars in India have Indian names. These per-
centages indicate that China has a smaller share of scholars
with non-Chinese names, and Germany, in comparison to
China and India, has a higher share of scholars with non-
German names. Despite the difference between these three
countries, they have a more homogeneous population com-
pared to the countries excluded from the training, which
are shown in the bottom row in Figure 2. These countries
were excluded from training data due to their multicultural
population and the figure shows our model’s capability to
identify the diversity of origin of names in these countries.
Most authors in Australia, Canada, and the USA have En-
glish names with about 52%, 33%, and 38%, respectively.
In all these countries, the second most frequent origin of
names is Chinese, with about 13%, 14%, and 14%, respec-
tively. The third most common origin differs between these
countries, with Indian names being the third most common
in Australia (6%), and French (12%) in Canada, probably
due to the predominance of French-speaking individuals in
Canada. In the USA, German names are the third most com-
mon origin. So far, our results do not differentiate between
second-generation migrant scholars in a country who might
have names that are different from the popular names in the
host country, which will be discussed next.

In the context of migration research, and once we have al-
ready observed a movement based on a consistent change in
the affiliation addresses of scholars, we can use the ML na-
tionality to further probe into aggregated emigration flows



Level 1 Level 2 Level 3
Fl-macro  Fl-weighted  Accuracy = Fl-macro  Fl-weighted  Accuracy  Fl-macro  Fl-weighted  Accuracy
Char-LSTM 24.191 37.892 27.712 05.493 15.103 30.124 03.118 05.980 16.536
Char-CNN 36.432 53.929 53.929 53.929 53.929 53.929 18.906 06.785 18.906
Fasttext 80.887 83.598 83.619 69.132 78.487 78.956 33.205 63.445 65.139
ByTS5 small 74.566 83.854 83.759 72.737 80.971 81.121 41.666 66.789 68.356
ByT5 base 74.247 83.557 83.453 72.491 80.673 80.828 42.044 66.453 67.672
ByTS5 large 79.765 82.987 82.944 72.051 80.209 80.349 41.723 65.799 66.822
Table 2: Evaluation results based on the Wikipedia test set.
Level 1 Level 2 Level 3
Fl-macro  Fl-weighted  Accuracy = Fl-macro  Fl-weighted  Accuracy = Fl-macro  Fl-weighted  Accuracy
Athletes 79.276 83.423 83.222 75.739 79.889 79.889 40.916 66.433 66.003
IUSSP 71.360 84.669 84.223 74.597 82.243 82.119 41.729 66.523 66.262

Table 3: Evaluation results based on the two out-of-domain test datasets using the best-performing ByT5 models.

China

Germany

India

Australia

English (52%)

Italian
(2%)

Canada

English

(33%) .

Indian (90%)

United States

Indian

(6%) (8%)

English
(38%)

Italian
(2%)

French
(12%) |l

Figure 2: Composition of scholars affiliated with countries (names printed above panels) included in (top row) and excluded
from the training data (bottom row) based on the country assigned using ML model (Level 2 regions, printed inside tree map).

at the country level and ask if a subset of these emigrations
could be considered returns to the country of origin. Here we
wanted to identify the top destinations for scholars who em-
igrate versus those who return, based on their country of 1)
academic origin and 2) ML-assigned name origin. We chose
the USA for this analysis because it has the largest popula-
tion of researchers in the Scopus database and is one of the
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countries with the most diverse population of researchers in
terms of nationality (see Figure 2). From all scholars affil-
iated with the USA, Figure 3 represents the proportion of
movements to the five most common destinations for em-
igration (left) and the five most common destinations for
return movements (right) classified based on academic ori-
gin (top) and ML name origin (bottom). Based on academic



origin, the most common emigration destinations from the
USA were the UK, Canada, Germany, China, Japan, and
South Korea. The most common destinations for return mi-
gration were similar but with differences in the order and
size of the flows.

ML name origin shows a different pattern and enables
us to differentiate emigration from return migration. Using
the ML name origin, Japan and South Korea are no longer
among the top five most common destinations for emigra-
tion, and China appears only in the last period as the fifth
most common destination; while it was the first destination
based on the academic origin. This shift in the list of most
common destinations for emigration and return migration
suggests that using the academic origin might underestimate
the size of return flows. When considering academic origin,
the top 5 destinations concentrated less than 50% of emigra-
tions. However, when considering the ML-name origin, this
tendency was more than 50% of return movements for all
considered time periods, with a higher share for East Asian
and South Asian countries. These findings align with previ-
ous research indicating that Chinese and West Asian schol-
ars have a higher tendency to return to their home countries
after an international migration experience (Marini and Yang
2021; Hu 2021).

Figure 4 shows the proportion of scholars who return to
their home countries after migrating, compared to the total
number of scholars who migrate across six continents and
genders. To identify the gender of scholars, we used the
method introduced by Zhao et al. (2023). The mean pro-
portion of return migration based on ML name origin was
higher than that found based on academic origin (see the
shift in points toward the right in the bottom panel com-
pared to the top panel.) While similar patterns were observed
across most continents, return migration proportions were
much higher based on name origin for Oceania, North Amer-
ica, and Europe. Nearly half of the scholars leaving the USA
return to their country of ML name origin. This indicates that
these countries have a much higher share of foreign gradu-
ate students and scholars who start their publishing careers
in these countries and later return to their countries of origin.

Based on the averages for men and women (vertical
dashed and solid bars), male scholars tend to return to their
home countries more often than female scholars, except in
Africa, where the trend is reversed when considering ML
name origin. This tendency is particularly strong for male
scholars who were located in North America compared to
scholars from other continents. This could signal differences
in the rate of success in being hired permanently in the host
country among genders and nationalities that require further
research.

Discussion and Conclusions

Scholars contribute to knowledge production and innova-
tion. Research has shown that migrant scholars are among
those with the highest productivity and impact (Sugimoto
et al. 2017). Studying the migration of scholars, which can
be traced using a consistent change in affiliation addresses
in publication records (Kashyap et al. 2023), enables identi-
fying the countries that send scholars from those that receive
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them. However, without information about scholars’ nation-
ality or country of origin, it is difficult to interpret the mi-
gration patterns (Sanliturk et al. 2023) due to left-censoring
issues in digital trace data (Akbaritabar, Theile, and Zagheni
2024). Particularly when assessing whether scholars are em-
igrating or returning to their country of origin.

This left-censoring problem could affect all migration re-
search that relies solely on observational digital trace data.
To address this problem, we used the most recent Machine
Learning (ML) methods and language models to detect the
nationality of scholars based on their full names. We used
substantially larger data than previous studies to train mod-
els. We tested these models with various datasets and se-
lected the best-performing ones. In our empirical study, and
after testing our model’s performance using different sets of
test data, we used the model to assign names to 8.2 mil-
lion scholars from Scopus bibliometric data. This enabled
us to compare migration trends based on the country of aca-
demic origin and the country assigned using the ML model.
It further allowed us to differentiate between emigration and
return migration in the case of graduate students or more ju-
nior scholars who start their publication career in the host
country and later return to their country of origin.

We observed substantial changes in emigration and re-
turn migration flows. For instance, the literature reports high
rates of emigration from the USA to China (using the coun-
try of academic origin) (Zhao et al. 2023; Sanliturk et al.
2023; Akbaritabar, Theile, and Zagheni 2024). Here, we
asked whether part of this emigration could be the return mi-
gration of Chinese scholars who graduated in the USA and
returned to their country of origin. It is evident that some
of the scholars with Chinese names in the USA could be
second generation migrants. Nevertheless, in the context of
migration research, and when we have already observed a
migration event, we can investigate with higher certainty if
the movement is a return migration rather than emigration.

As we observed in the most recent period, 79% of those
emigrating from the USA to China have Chinese names and
are categorized as returnees using the nationality assigned
by machine learning in contrast to 41% based on academic
origin. Our observation aligns with China’s government-
initiated “Thousand Talents Plan”?, launched in 2008. This
program aimed to attract top international talent to work in
mainland China (Jia 2018) and is shown to have succeeded
in motivating the return of Chinese scholars with interna-
tional migration experience (Shi, Liu, and Wang 2023). This
could also be associated with some recent policies, such as
the US-China Initiative. Launched in 2018 to counter eco-
nomic espionage, this initiative has been criticized for dis-
proportionately targeting Chinese-origin academics, creat-
ing a chilling effect on collaboration and increasing return
migration to China (Jia et al. 2024). Studies report a signif-
icant rise in Chinese-born scientists leaving the USA since
the initiative’s inception, with many returning to China (Xie
et al. 2023). While the temporal scope of our data from 1998
to 2017 (we exclude two years at the start and end of the data
from 1996 to 2020 to minimize left- and right censoring and

*https://en.wikipedia.org/wiki/Thousand_Talents_Plan
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Figure 3: Top 5 countries with the highest proportion of scholars among those affiliated to institutions in the United States
divided into emigration (left bars) and return migration (right bars) based on academic origin (top bars) versus the country of

ML-name origin (bottom bars).

truncation issues) is not exactly overlapping with this recent
policy change, however, the literature emphasizes that schol-
ars are among the subsets of the population that have creden-
tials and networks to react faster to upcoming changes.

We publicly share our model’s code and training data to
enable future research. Follow-up studies using digital trace
data could use our model to extend the application of lan-
guage models to analyze the migration patterns beyond the
case of actively publishing researchers, for instance, to other
data from social media, LinkedIn, etc. Furthermore, surveys
of scholars’ actual behavior could enable further validation
of the model’s ability to reliably predict scholars’ migration
trajectories, including their return or continued residence in
host countries. Additionally, our models could be further
refined to account for potential cultural, regional, gender,
and disciplinary differences in migration behavior. Future
research could investigate the possibility of long-term stays
and integration in host countries that might be different be-
tween subsets of migrants depending on their nationalities
and countries of origin.

To clarify the ethical terms and best practices in ma-
chine learning research, we emphasize that our models were
trained using publicly available datasets that had been col-
lected from Wikipedia. Our use of these datasets was solely
for research purposes and completely complies with the li-
censing and use terms of this platform. Since the datasets
only include names and nationalities of individuals from
public Wikipedia pages, they do not contain private infor-
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mation. We gain access to Scopus data through a license*

to do our empirical study on migration trends. This data is
accumulated using publicly accessible information from sci-
entific publications and does not constitute private informa-
tion.

Our research has certain limitations that we would like
to acknowledge. In preprocessing the data, we removed
non-ASCII and redundant characters. However, this process
could also eliminate information, such as language-specific
umlauts and characters, that might be useful for classifi-
cation. While we evaluated the effect of this preprocess-
ing step, future work could conduct more experiments be-
yond the ones presented here to assess the impact of the
preprocessing. Additionally, ML and language models are
valuable tools for detecting nationality, but they have un-
certainty. While our model has a relatively high accuracy
rate, this performance primarily applies to nationality groups
with the highest representation in the training data. Predic-
tions for nationality groups with a small number of obser-
vations have lower F1 scores (please see confusion matri-
ces in the Appendix). While we use weighted measures to
circumvent such problems, and these issues are less preva-
lent in migration corridors with the highest count of schol-
ars such as those presented here, some errors can still oc-
cur and be explained by factors such as second-generation
migrants, name or citizenship changes, or the diverse ways
people choose names (please refer to the in the Appendix).
To address this, we collected a large dataset and used one

*Please see the acknowledgment section for details.
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of the most advanced language models available. However,
there are still errors, particularly for nationalities and groups
with lower representation in training data, that remain un-
explained. These inaccuracies can impact analyses of emi-
gration and return migration among scholars and could be
improved in future research.

Despite these limitations, our methods and publicly
shared model could help reduce left-censoring issues in mi-
gration research using digital trace data. Our results high-
light that a substantial part of the emigration, as reported in
the literature using observational data, could be considered
return migration, which has implications for migration re-
search that uses digital trace data.

Availability of Model Code and Training Data

The training dataset used in this study is publicly avail-
able on Zenodo (Ghorbanpour, Malaguth, and Ak-
baritabar 2025). The scripts to replicate our analysis
and figures are accessible via the following GitHub
repository: https://github.com/FaezeGhorbanpour/
NameBasedNationalityDetection.
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Appendix
Data Preprocessing

The following preprocessing steps were applied to standard-
ize and clean names:

* Removal of Extraneous Information: Nicknames, pro-
nunciations, and metadata (e.g., content in parentheses,
quotation marks, or following delimiters like commas or
slashes) in Wikipedia introduction pages were removed.
These elements are alternative spellings in other lan-
guages or pronunciation phonetics, and they introduce
noise and are not part of the core name.

* Normalization and Standardization: Punctuation (e.g.,
periods, commas, quotes) was replaced with spaces, and
common prefixes (e.g., “Dr”, “Sir”) and suffixes (e.g.,
“Jr”, “II”’) were removed. Additionally, mojibake and
Unicode problems were fixed by using the ftfy® li-
brary, and Unicode normalization was performed us-
ing unicodedata’ to standardize encoding and ensure
compatibility.

* Validation and Cleaning: Names containing invalid
characters (e.g., symbols, digits) were removed, and
whitespace was standardized.

During the preprocessing steps, only 0.15% of the names
were identified as invalid and removed, while all remaining
non-English characters were converted to their correspond-
ing English equivalents or removed. Table 4 illustrates some
examples of the changes made during the process.

Shttps://huggingface.co/docs/hub/en/index
Shttps://ftfy.readthedocs.io/en/latest/
"https://docs.python.org/3/library/unicodedata.html



Before Preprocessing ~ After Preprocessing

JAVargen HAVsholdt
RomAjn MontaA+ez

Sgren Hess-Olesen

jurgen huholdt
roman montanez
sren hess olesen
Moénika Remsei monika remsei
Rupert Konig
Miladin Sevarli¢

rupert konig
miladin sevarlic

Table 4: Examples of names that were normalized and edited
during preprocessing.

For country names, we standardized all country names
based on the ISO 3166 country codes®. These steps ensure
the dataset contains clean and consistent names.

Rationale for Country Inclusion and Exclusion

To justify the inclusion and exclusion of multicultural coun-
tries, we used two metrics to guide our decisions: (1) En-
tropy, which measures the uniformity of character n-grams
in a country’s names, where higher values indicate greater
naming diversity and overlap with other countries, and (2)
F1 score, which reflects the model’s classification perfor-
mance, with lower scores indicating poorer performance.

Table 5 shows that excluded countries such as the USA,
Canada, Australia, New Zealand, and South Africa have
higher entropy values and lower F1 scores, which nega-
tively impact the classification performance of other coun-
tries, particularly the UK. In contrast, included countries like
the UK, Germany, and France exhibit lower entropy and
higher F1 scores, justifying their retention. Based on these
findings, we excluded South Africa and New Zealand due to
their high entropy and low F1 scores, while retaining the UK
to balance diversity with classification performance. Addi-
tionally, we needed one country to represent the English cat-
egory in our classification and selected the UK for this task.
(Normalized entropy is the scaled entropy value, adjusted to
arange between 0 and 1.)

Training Details

We implemented our work in Python, using various li-
braries for different models (which are listed in a “require-
ments.txt”). For FastText, we used its official Python li-
brary® and trained it from scratch. For the neural networks
(char-LSTM and char-CNN), we used PyTorch and Torch-
Text. ByT5 was implemented using the Transformers and
Datasets libraries. We used Optuna (Akiba et al. 2019) for
hyperparameter tuning for all models except FastText, which
has its own parameter-tuning function.

The best hyperparameters for char-CNN and char-LSTM
include a learning rate of 0.005, weight decay of le-4,
dropout of 0.2, embedding size of 100, and the AdamW op-
timizer (Loshchilov 2017) with a linear learning rate sched-
uler. For ByTS5, the optimal learning rate is 3e-5, weight de-
cay is le-7, and the AdamW optimizer is used without a
learning rate scheduler. For FastText, we set the learning rate

8https://www.iso.org/iso-3166-country-codes.html
“https://fasttext.cc/
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to 0.1, the embedding size to 100, and used an n-gram size
of 5. FastText and ByT5 have their own tokenizer and char-
acter encoder, while for char-LSTM and char-CNN, we gen-
erated character embeddings using TorchText with a maxi-
mum length of 64.

Computational Resources

We used “NVIDIA GeForce GTX 1080 Ti” GPU servers
for our model training experiments. To accommodate the
large models, we used “gradient accumulation” and “mixed
precision” techniques. Gradient accumulation helps manage
memory usage by accumulating gradients over several mini-
batches before performing an update, while mixed precision
training optimizes performance and reduces memory con-
sumption by using both 16-bit floating-point numbers.

Test Datasets

Figure 5 shows the distribution of classes at each of the three
levels for the Athletes (top) and IUSSP (bottom) datasets. At
the first level, East Asian and Hispanic are the largest classes
in the Athletes and IUSSP datasets, respectively. The class
distribution in all three levels differs between the two test
sets and is distinct from the Wikipedia data used to train and
test the model. Despite the differences, the evaluation met-
rics are similar in all three datasets (presented in the main
text), indicating the robustness of our model.

Error Analysis

Here we clarify the errors and inaccuracies in our ML clas-
sification. We know that the ML models used have errors in
classification and could still be improved, especially in the
third level. However, we faced some misclassifications that
could be due to other reasons. Below, we clarify examples of
the observed errors. We explain potential reasons for these
errors and also present our reasoning as to why the errors do
not significantly affect our paper’s conclusions:

¢ Misclassification of names from countries with cul-
tural/historical similarity: In some cases, the classifica-
tion models confuse names from culturally or linguisti-
cally similar countries. For example, the names listed in
Table 6 illustrate that Flemish individuals who, accord-
ing to Wikipedia, have Belgian nationality might have
names that are similar to those in the Netherlands. This
could lead to the misclassification of their nationality to
the Netherlands rather than Belgian, which is the true la-
bel based on Wikipedia data. Countries with historical or
cultural relationships, such as Spain and Mexico, often
have overlapping name structures, causing misclassifica-
tions. Another example is individuals of different nation-
alities who share the same name i.e., homonyms, such
as “Alexander Stein '°” There are four Wikipedia pages
with this name for distinct individuals with various na-
tionalities: German, American, Latvian, and Russian.

* Second generation migrants with names from the
country of origin or changed nationality: The sec-
ond generation migrants sometimes have names that are

"Ohttps://de.wikipedia.org/wiki/Alexander\ _Stein



United Canada Australia New South United Germany France average
States Zealand Africa Kingdom
Normalized Entropy 0.96 0.96 0.94 0.93 1.00 0.90 0.86 0.78 0.72
F1 score (Before excluding) 0.65 0.34 0.22 0.23 0.45 0.54 0.75 0.73 0.60
F1 score (After excluding) - - 0.77 0.78 0.76 0.63

Table 5: Normalized entropy values and F1 scores (before and after exclusion) for a few countries.

based on their parents’ country of origin. They might ob-
tain the citizenship of the host country, which is reflected
in the Wikipedia introduction page, while they maintain
the same names. This could lead to misclassifications in
the nationality detection models, as shown in the exam-
ples in Table 7.

Error in datasets based on Wikipedia: We combined
multiple data sources collected from Wikipedia, which
included the names and nationalities of individuals. Upon
reviewing the data, we can assert that most of the name-
nationality pairs were correct; however, minor errors did
exist. On the one hand, the Nationality Estimate dataset
(Le et al. 2021) extracts information from Wikipedia de-
scriptions to assign a country of origin to individuals
whose pages lack explicit nationality details. However,
this method can lead to errors when descriptions mention
the country where the individual studied or lived instead
of their actual country of origin. Table 8 illustrates exam-
ples of the inaccuracies in which the nationality was in-
correctly stated in the data. On the other hand, about 50
percent of the nationality information in the Politicians
dataset (Wagner 2017) was missing. To address this, we
used the DBpedia API to fill in the gaps. We checked if
the pages contained nationality or country information, If
it was not available, we used the birthplace of the politi-
cians as a substitute for their nationality. While this ap-
proach helped solve problems, it also introduced some
errors, as shown by the examples in Table 9.

* Imbalances and classes with a small number of mem-
bers: Due to the imbalanced nature of our training
dataset (please see Figure 1 in the main text with the
composition of classes in three levels), the model often
predicts major classes when presented with data from
classes with a small number of members, as it has not
had sufficient exposure to learn to recognize them.

Name Nationality in Wikipedia  Predicted nationality
Bob van Laerhoven Belgium Netherlands
Marc van den Abeelen Belgium Netherlands
Jan van Hembyze Belgium Netherlands

Table 6: Examples of misclassification of Flemish people
with Belgian nationality to the Netherlands.

Regarding the impact of the errors on our findings, we
used a large corpus of 2.6 million name-nationality pairs,
which ensured that the model was trained on diverse data,
which is substantially larger than previous studies. Despite
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Name Nationality in Wikipedia  Predicted nationality
Bhavna Limbachia United Kingdom India
Mahmoud Dahoud Germany Egypt
Xu Pei Germany China

Table 7: Misclassification of second-generation migrants
due to names similar to country of origin or changes in na-
tionality in Wikipedia.

Name Nationality ~ Nationality in our dataset
Arthur Glasser USA China
Daniel Bayerstorfer Germany China
Christopher Ludwig Eisgruber USA India

Table 8: Errors in the training dataset because of incorrect
nationality extraction from Wikipedia page descriptions.

Name Nationality ~ Birthplace
Georg Heinrich Schnell Germany China
Mathangi Arulpragasam Sri Lanka UK

Table 9: Errors in the training dataset because of missing
nationality information and using Birthplace instead.

errors in certain country pairs, the model’s performance re-
mained consistent, as demonstrated by the stable results on
both the training and out-of-domain test sets.

Our main finding in the Scopus analysis predominantly
highlights specific origin-destination country pairs (or mi-
gration corridors) with the highest number of scholars mov-
ing between them, such as the USA-China corridor. For
these highly travelled corridors, our model has a very re-
liable performance. Additionally, our model demonstrated
strong performance at the first and second levels. However,
future studies aiming to differentiate names from cultur-
ally and linguistically similar countries, such as Spanish-
speaking countries or Flemish regions, should incorporate
additional information, as name-based nationality detection
alone may not be sufficient.

Assessment Per Class

We examined the model’s performance in classifying at lev-
els 1 (see Figure 6) and 2 (see Figure 7). The assessment
criteria used are precision, recall, and F1 score. It is evident
that the model demonstrates higher precision compared to
recall in both levels. This indicates that the model accurately
predicts each class. Moreover, for classes with substantial
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Figure 5: Distribution of nationality classes in the Ath-
letes (top) and IUSSP (bottom) out-of-domain test datasets.
Each column sums up to 100% and represents one of the
three classification levels, from the left (broader) to the right
(more detailed). All classes are shown, but only those bigger
than 2% of the total are labeled.
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data, such as European countries and regions, the average
F1 score reached approximately 80%. Conversely, classes
with limited data have an F1 score of about 60%. Although
Korea, Indochina, and Greece have less data, they achieved
a precision rate of around 80%, demonstrating the model’s
ability to recognize names from these countries, perhaps due
to distinct patterns in names from these countries. This as-
sessment shows for which regions and groups of countries
our model is the most reliable.

EastAsian A
Hispanic 4
Nordic-Baltic 4
Slavic o
German -
English 1
Romance
SouthAsian
African A
Muslim A
Greek
Jewish A

0.0

072 074 076 0.8 1.0

f1-score precision recall

Figure 6: Evaluation metrics for the first level classification

We also examined the countries for which our model is
most and least reliable. Considering only countries with at
least 200 names in the Wikipedia test subset, the F1 score
ranges from 05% for Montenegro to 94% for Japan. This
high variability across countries suggests that the model is
appropriate for analyzing some migration corridors but may
not be reliable for some origin and destination pairs. Fig-
ure 8 shows the 10 countries with the highest and lowest F1
scores. The variability in the performance of the model at the
country level exists even between countries within the same
class at the first and second levels. While some first-level
classes are only present in the top 10, such as East Asian
with 4 out of 10 countries, or in the bottom 10, such as His-
panic with 6 out of 10, other countries with Slavic names
appear in the top and bottom 10.

Figure 9 shows the confusion matrices for the first (top
left), second (top right), and third levels (bottom). At the
first level, about 87% of the names for which the true value
is Hispanic were predicted as Hispanic, showing that the
model can identify names of Hispanic origin. At the sec-
ond level for Hispanic names, the model correctly pre-
dicted more than 80% of Spanish and Portuguese names,
but the predicted values for countries with Hispanic South-
ern African names, i.e., Angola and Mozambique, are dis-
tributed across Spanish, Portuguese, and Hispanic Southern
African classes.

Our model can correctly identify a name with a His-
panic pattern and even distinguish between Spanish and Por-
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Figure 7: Evaluation metrics for the second level classifica-

tion

tuguese names, but the model cannot correctly identify the
country within the second-level class. The same applies to
English names; the model can determine the English origin
but not the specific country. In both examples, the model
cannot correctly identify the countries because they have
similar names, and there are imbalances and classes with a
small number of cases at the country level. On the one hand,
the misclassification of names from countries with cultur-
al/historical similarity leads to a spread of predicted values
across multiple countries; this pattern is clear for most of the
Spanish countries in the country-level confusion matrix (see
the first rows of the bottom matrix in Figure 9). On the other
hand, the imbalance and minor classes lead the model to
predict the same country for different true values, and other
countries are not predicted even when the name is from that
country. (See the first and last two columns of the Hispanic
class in the bottom matrix in Figure 9).
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Top 10 Countries

Japan
Thailand
Vietnam

South Korea
Bulgaria
Lithuania
Italy

Iceland
Poland
Finland

Bottom 10 Countries

Barbados
El Salvador
Trinidad and Tobago
Dominican Republic
Jordan
Nicaragua
Bolivia
Panama
Guatemala
Montenegro

r

0.0
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F1-Score
Hispanic . Nordic-Baltic . Slavic
. Muslim . Romance

T
0.2 1.0

: EastAsian
First Level .
. English

Figure 8: F1 score for the 10 countries with the highest
scores (top) and 10 countries with the lowest scores (bot-
tom). Only countries with more than 200 names in the
Wikipedia test subset were considered.
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Figure 9: Confusion matrices for the first- (top left), second- (top right), and third-level classes (bottom). The rows represent
the true and the columns show the predicted values. Colors represent the percentage of observations in each cell, and each row
sums up to 100%. In all matrices, the green rectangle highlights the cells for which the true value is equal to the predicted
value at the first level, and the dashed rectangle highlights the classes at the second level. Labels used for the first level: African
(AF), East Asian (EA), English (EN), German (GE), Greek (GR), Hispanic (HI), Jewish (JE), Muslim (MU), Nordic-Baltic
(NB), Romance (RO), Slavic (SL), and South Asian (SA). Second level labels: Arab (ARB), Baltic (BAL), Chinese (CHI),
Dutch (DUT), East Africa (EAF), East European (EUE), English (ENG), French (FRE), German (GER), Greek (GRE), Indian
(IND), Indochina (INC), Japanese (JPN), Jewish (JEW), Korean (KOR), Malay (MAL), North Africa (NAF), Oceania (OCE),
Pakistanis (PAK), Persian (PER), Portuguese (POR), Russian (RUS), Scandinavian (SCA), Southern Africa (SAF), South Slavs
(SSL), Spanish (SPA), Turk (TUR), West Africa (WAF)
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