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Supporting Information Text
1 Data Sources and Processing
Focusing on the career trajectories and institutional affiliations of academic staff, the analysis employed ORCID database.
We obtained publicly available registration information from the official ORCID website up to October 1st, 2022. The ORCID (Open Researcher and Contributor ID), a system that assigns unique identifiers to researchers, is widely recognized and boasts a substantial number of registrants worldwide. Existing research indicates that it serves as a valuable data source, functioning as a comprehensive open science database comprising researchers' outputs and biographical information. 
This database offers crucial data on individuals' academic and career trajectories, including positions, titles, affiliations, and timestamps. For details on data preparation and annotation, please refer to the Data preparation section.

[bookmark: _Hlk167431510]2 Selection of Sample Countries
[bookmark: _Hlk167431368]From our dataset, we selected specific countries to establish a comparative framework and specifically examined the academic talent exchange networks among them. Initially, we chose the United States due to its unparalleled influence in academia and its central position in the international academic labor market. Moreover, research on the classification of higher education systems found that the United States, along with three other countries-the United Kingdom, Canada, and Australia, share similar systems (1,2). This similarity provides a basis for the active exchange of talent among these countries, facilitated by shared language and cultural backgrounds, comparable education and research systems, and common research interests and focus areas. For example, among internationally trained faculty in the United States, over 35% received training in either the United Kingdom or Canada (3). These four countries are integral to our research framework. Finally, we selected China as a representative of developing countries.
To examine the general characteristics within and across academic systems and to deepen our understanding of academic stratification and prestige hierarchies, this study focuses on countries and regions with elite higher education systems. In total, 20 countries/regions have been selected for analysis, each known for its strong academic institutions and faculty networks. These targeted countries and regions include: the United States, Canada, Australia, China, Japan, New Zealand, Italy, Germany, Switzerland, the Netherlands, Israel, France, the United Kingdom, Sweden, Singapore, Ireland, Norway, Belgium, Finland, and Hong Kong, China.

3 Data preparation
The data preparation process for ORCID involved ten distinct steps:
The first step in preparing the dataset was to clean the names of university institutions. Differently expressed institution names and their sub-branches are consolidated into a single standardized institution name to ensure consistency across the dataset. Then a unique code is assigned to each university institution in both datasets, facilitating easy identification and comparison.
The second step in preparing the dataset was to clean the geographical locations of each institution, including the country, region, and continent. This ensures that in the subsequent sample selection, the current workplaces of faculty members are located clearly.
The third step in preparing the dataset was to annotate the types of institutions associated with individuals' career experiences. The categories include universities, laboratories, government and nonprofit organizations, and industry. In this step, individuals currently employed at universities are selected as research subjects, and experiences outside universities are considered non-academic. 
The fourth step in preparing the dataset was to clean the job titles of individuals, retaining those with research experience. The sample includes individuals with a Ph.D. in various academic positions, such as tenured faculty and full-time non-tenure-track faculty, excluding administrative staff and current students. Referring to the tenure-track system in the United States, we annotated tenure-track samples for other countries. However, it's important to note that the analysis extends beyond core tenure-track faculty, as different universities have varied tenure standards determined by internal committees and bodies. In recent years, the absolute number of full-time faculty members has increased, but the proportion of core tenure-track faculty—full-time assistant, associate, and full professors—has structurally declined. At some doctoral degree–granting institutions, there has also been an increase in the number of full-time non-tenure-track faculty (4). Non-tenure-track faculty play critical roles in some universities, occupy many teaching positions, and are influenced by the institution's reputation, necessitating their inclusion in the analysis.
The fifth step in preparing the dataset involved cleaning faculty members' degrees by collecting information on their highest degree, creating a separate column to record this information. During the analysis of degree information, emphasis was placed on samples holding doctoral degrees.
[bookmark: OLE_LINK45]The sixth step in preparing the dataset was to encode the academic fields of academic personnel based on department names. For ORCID data, we organized departmental affiliations into 3 categories and 11 subcategories. 
The seventh step in preparing the dataset involves further comparing the characteristics of different university faculty groups. Faculty members are categorized as new or existing based on their graduation year, with those graduating after 2019 considered new faculty. In the longitudinal dataset, the first year of employment is regarded as the start of a new faculty member's tenure, while subsequent years classify them as existing faculty. 
The ninth and final step of dataset preparation involves obtaining individual longitudinal datasets. These datasets annotate the points in time when individuals enter and leave academia on an annual basis, allowing for the identification of individuals who leave academia each year. By doing so, we can identify instances of attrition.

4 Data Overview



After completing data preparation and selecting sample countries from the ORCID dataset, the ORCID data includes 1,348,827 doctoral faculties in the world. The individual-level data from ORCID data include the following basic information: (1) the individuals’ ID, (2) gender of the individuals, (3) whether they are self-hires, (4) whether they are new faculty, (5) the ID of the current institution of employment, (6) the domains and fields of the current department or program, (7) the type of the highest degree, (8) the year in which the highest degree was earned, and (9) the ID of the institution where the highest degree was earned. Institution-level data can be aggregated from individual-level data. Specifically, by considering individuals who have obtained a doctoral degree as the sample population, one can obtain the distribution of total doctoral productions across institutions as well as the employment destinations of these individuals.
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Fig S1 

Gini Coefficient Across 11 Academic Subcategories in 20 Countries/Regions

This radar chart illustrates the Gini coefficient distribution across different academic subcategories in 20 selected countries and regions. Each colored line represents one country, showing its relative concentration of academic positions in various disciplines. STEM disciplines (engineering, medicine, and natural sciences) tend to show higher inequality, reinforcing the prestige-based faculty hiring patterns.
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United States	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.5156	0.5382	0.5973	0.4459	0.5763	0.6268	0.5468	0.399	Canada	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.4185	0.4178	0.4948	0.3561	0.4202	0.5906	0.4178	0.3485	Australia	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.4225	0.4472	0.5453	0.3665	0.5349	0.5198	0.452	0.3773	China	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.2935	0.3614	0.6117	0.4513	0.5887	0.6142	0.5739	0.2739	Japan	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.3361	0.4263	0.6993	0.4003	0.6356	0.6094	0.6003	0.3856	New Zealand	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.2619	0.3263	0.4303	0.2757	0.4113	0.4542	0.3769	0.1557	Italy	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.4336	0.46	0.5634	0.4411	0.4648	0.5406	0.5215	0.1984	Germany	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.2414	0.2877	0.4534	0.3181	0.3555	0.4484	0.4135	0.0667	Switzerland	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.2708	0.4126	0.5364	0.365	0.4924	0.4898	0.5674	0.2095	Netherlands	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.3668	0.3655	0.3469	0.3595	0.267	0.4504	0.5379	0.1345	Israel	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.3216	0.3366	0.3292	0.2077	0.255	0.3365	0.4027	0.2507	France	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.4337	0.3367	0.4991	0.2604	0.5464	0.5101	0.1577	0.1667	United Kingdom	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.4947	0.5019	0.5913	0.4324	0.5747	0.5743	0.5248	0.3416	Sweden	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.4682	0.4899	0.5405	0.3529	0.5024	0.6141	0.5327	0.3352	Singapore	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.0882	0.1275	0.1267	0.1066	0.3007	0.5539	0.2932	0	Ireland	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.3831	0.2995	0.4733	0.3882	0.3848	0.5347	0.3688	0.1282	Norway	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.3716	0.4783	0.5641	0.5036	0.4929	0.6179	0.5102	0.4422	Belgium	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.5224	0.4864	0.5594	0.4912	0.5631	0.6374	0.5954	0.1373	Finland	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.3298	0.414	0.4609	0.1712	0.711	0.4022	0.3798	0.1979	Hong Kong	Humanities	Social Sciences	Natural Sciences	Mathematics 	&	 Computing	Applied Sciences	Medicine 	&	 Health	Engineering	Education	0.3065	0.4457	0.4674	0.3152	0.331	0.4808	0.1885	0.1111	



