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[bookmark: _Toc151508050]Supplemental Note S1. Detection of Outliers
To identify the outliers, we measure the average cited reference count and average page length for each journal and calculate the mean values of both variables. Then, we use 2 standard deviations to the left of the means as the cutoff values and retain journals that are above the cutoff values in both dimensions, i.e. #cited references > 4.37 and pages > 3.92. As a result, 21 journals are identified as the outliers and excluded from the journal list. They are: American Federationist, Afl-Cio American Federationist, Congressional Digest, Dissent, UNESCO Chronicle, UNESCO Courier, New Republic, Atlantic Community Quarterly, Proceedings of the Academy of Political Science, Center Magazine, Harpers, Nation, Policy Review, Socialisme, New Society, Parliamentarian, Internationale Politik, Commentary, Chinese Law and Government, Economic and Political Weekly, Current History.
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Figure S1. Journal Scatter Plot. Journals outside the red rectangle are identified as outliers. Data are presented on a logarithmic scale to show details about outliers with extremely small values of page count and cited reference count.
[bookmark: _Toc151508051]Supplemental Note S2. Typology of Ethnicity
[bookmark: _z337ya]Ethnicity is a multi-dimensional concept that encompasses various aspects of group identity, including kinship, religion, language, nationality, and physical appearance (Bulmer 2018).[footnoteRef:2] Consulting the World Value Survey (WVS) Cultural Map (Inglehart & Welzel, 2005) and Huntington's (1993) taxonomy of civilizations, we divide people into nine mutually exclusive ethnic categories, namely Anglo-Saxon, European, Slavic, Asian, African, Hispanic/Latino, Jewish, Muslim, and Others. [2:  A closely related concept is that of race. Even though race and ethnicity are often used interchangeably (Morning, 2008), race is arguably narrower in meaning than ethnicity, as race mainly revolves around biological commonality while ethnicity encompasses both biological and cultural commonalities (Morning, 2008; Omi, 2001). Given that a cultural commonality is as important as a biological one for forming academic communities and breeding scholarly connections, we opt to use ethnicity as the central construct and consider race as a subtype of ethnicity in this study.] 

1. Anglo-Saxon group is corresponding to the “English-Speaking cluster” in WVS Cultural Map. It refers to a group of people whose ancestors inhabited Great Britain and Ireland in the Middle Ages and developed English language. Contemporary Anglo-Saxon descendants are native English speakers who are mainly concentrated in the United States, and commonwealth countries, such as United Kingdom, Canada, Australia, and New Zealand.
2. European includes people who have origins in non-Anglo-Saxon and non-Slavic Europe, such as Germany, France, Italy, Portugal, and Scandinavian countries. Peoples in this group shared a common history from the Renaissance to the Protestant Reformation to the Enlightenment and from the French Revolution to the Industrial Revolution (Huntington 1993, 2000). They constitute another wing of Western civilization in addition to Anglo-Saxons (Huntington 1993).
3. Slavic, which is referred to as “Slavic-Orthodox civilization” by Huntington (1993), is an ethno-linguistic group that comprises people whose origin can be traced back to Slavic-speaking countries in Eastern Europe or Western Asia. Most Slavic countries share a common history of communist rule during the Soviet era, which as per Inglehart and Welzel (2005, p.64) leaves a clear imprint on their value systems and draws them to form a coherent cluster in the issue space. 
4. Hispanic/Latino is also an ethno-linguistic group which is comprised of people with origins in Latin America or Spain. The shared history of Spanish colonial rule has bound Hispanic/Latino together. This group is intimately related to the European group, because of the shared language and Catholic traditions. However, according to Huntington (2000), it is better to be regarded as a group distinct from European, given the persistent influence of indigenous culture, authoritarian experience, and underdeveloped economy in the region.
5. Muslim: Muslim is an ethno-religious group consisting of Islam followers. It contains people from Muslim-majority countries such as Egypt, Indonesia, Iran, and Turkey. 
6. Jewish: Jewish is another ethno-religious group, consisting of people who originate from Israel and follower Judaism, which in the sight of Huntington constitutes a distinct civilization with its own culture, albeit extremely similar to the West. 
7. Asian: Asian is a geo-ethnic group of people whose ancestor lived in Asia.
8. African: African is another geo-ethnic group of people whose ancestor lived in Africa.
9. Others: A residual category “Others” is created for the reminder of cases that are not elsewhere classified.


[bookmark: _Toc151508052]Supplemental Note S3. Bayesian Model for Ethnic Classification
[bookmark: _Toc151508053]Bayesian Approach to Inferring Ethnicity
We implement a Bayesian model that combines surnames and geolocations to predict ethnicity for scholars in multiethnic countries. Surname is a critical proxy for ethnicity. Historically, surnames emerged as a device to sort people into groups – by birthplace, parentage, religion, and physical appearances (Hanks, 2003). As being passed down through generations, surnames have become an enduring symbol of ancestry, routinely reminding people of who they are and where they are from (Pilcher, 2016). Existing literature suggests that surname analysis works remarkably well for Hispanics, Asians, and Slavic peoples, because of their unique naming systems and identifiable characteristics (Lauderdale & Kestenbaum, 2000; Perkins, 1993). However, surnames cannot distinguish between people of African and Anglo-Saxon descent effectively, given the extensive overlap between their common surnames.
In light of this limitation, a growing body of studies choose to update surname analysis results with demographic information (Elliott, Fremont, Morrison, Pantoja, & Lurie, 2008; Fiscella & Fremont, 2006; Haas et al., 2019; Imai & Khanna, 2016). The rationale behind this refinement is that the chance that a person falls into a certain ethnic category would be constrained by the ethnic composition of the neighborhood where he/she lives. If the person lives in an ethnically homogeneous neighborhood, the chance that he/she falls into the same ethnic category as his/her neighbors would be high. Because of the residential segregation of Black and White households (Fong, 1996; Glaeser & Vigdor, 2001; Johnston, Poulsen, & Forrest, 2007; Valente & Berry, 2020), geolocation information is particularly useful for differentiating between Anglo-Saxon and African descendants, which can thereby complement surname analysis to boost prediction accuracy.
Building on the literature, we use the Bayes rule to combine surnames with geolocations to generate predictions about individual ethnicity in multiethnic countries (Imai & Khanna, 2016; Jackman, 2004). According to the Bayes theorem, the posterior probability of an individual i belonging to an ethnic group e, given his/her surname s and geolocation g, is the normalized product of the geographical distribution of ethnic group e and the ethnic composition of surname s bearers. We formalize this conditional probability as follows:
	Eq. 1
In Equation 1,  represents the probability that a person of surname s belongs to ethnic group e, and  denotes the probability that a person of ethnicity e is living in area g. We can intuitively take the numerator as calibrating surname analysis result  with geographical distribution of ethnic group  and take the denominator as a normalization factor. That is, if surname analysis predicts a Williams is 47% likely to be of African origin ––  = 47% –– and we know 5% of African descendants live in his/her area ––   = 5%, the Bayes formula will convert the estimated probability of this Williams belonging to the African group to 2.35%. Then, if the Bayesian estimations for the other eight groups are equally 1%, the normalization factor will be 10.35% (= 2.35% + 1% * 8), and this Williams’s probability of being African will be normalized to , which is lower than the surname-only estimation. In other words, the Bayesian theorem can update surname analysis with extra information on the geographical distribution of ethnic groups to form a better prediction of ethnicity.
Given that geolocation is instrumental in identifying ethnicity only in contexts where ethnic composition varies substantially from one location to another, we opt to apply the Bayesian approach to multiethnic countries while adhering to the surname-only approach for monoethnic countries. 
[bookmark: _Toc151508054]Model Implementation
A country is considered monoethnic only if its ethnic majority exceeds 80% of population (Supplemental Table S3). To empower surname analysis, we use three well-established dictionaries, namely the Frequently Occurring Surnames from the 2010 US Census (Census dictionary), the Dictionary of American Family Names (DAFN), and an online genealogical archive Forebears. The Census dictionary contains all surnames occurring more than 100 times in the U.S. 2010 Census. DAFN is the result of a ten-year research project based on the work of thirty linguistic consultants, which contains more than 60,000 surnames and provides information on their linguistic, historical, and genealogical backgrounds. These two dictionaries allow us to obtain a list of surnames that exclusively belong to a certain ethnic group. Whereas Forebears is a genealogical website, which has collected nationality data on more than 11 million surnames from over 4.25 billion people in 241 countries and jurisdictions. This last dictionary allows us to estimate the probabilities of bearers of a surname belonging to a certain ethnic group . 
With that being said, these three dictionaries are of different formats and require different preprocessing strategies before further analysis. As for the Census dictionary, the major disparity comes with its ethnic typology, which divides people into White, Black, Asian, American Indian or Alaska Native, and Hispanic/Latino. Since the White group in U.S. Census lumps together five ethnic categories – Anglo-Saxon, European, Slavic, Muslim, and Jewish – in our typology, we cannot reversely map the White surnames into our more fine-grained categories. Nor can we make use of the detailed percentages it provides. For this reason, we extract the surnames that exclusively (more than 90% of the time) belong to any ethnic group except White, based on an assumption that a surname exclusively borne by one ethnic group in U.S. should also be exclusively used by this group worldwide. 
Later, we look up the exclusively White surnames (those borne by White citizens more than 90% of the time in the Census dictionary) in DAFN and retrieve DAFN’s etymological explanations about them. If DAFN assigns them into a specific ethnic group, we label them as that group’s exclusive surnames. For example, Aaberg is an exclusively White surname, which as per the Census dictionary is borne by White people 95.1% of the time. Moreover, the DAFN says Aaberg derives from a Scandinavian name Åberg which is a combination of å ‘river’ and berg ‘hill,’ meaning a place on the hill by the river. So, we could classify Aaberg as an exclusively European surname. In addition, we collect all DAFN surnames that are not covered by the Census dictionary and classify them into ethnic groups according to DAFN’s explanations. After processing the Census Dictionary and DAFN, we obtained 19,524 ethnically exclusive surnames.
As for the surnames that are not covered by the first two dictionaries, we search for their information in the Forebears archive via their official API OnoGraph. OnoGraph returns the probability that people with a certain surname are nationals of a country. Based on the ethnic nature of countries (see Supplemental Tables S3 and S4), we can covert the nationality probabilities into ethnicity probabilities. For example, OnoGraph suggests that out of people with the surname Clasen, 57% are German, 22% are American, 10% are Brazilian, 3.1% are Danish, and so on. America is a multiethnic country where citizens’ ethnic origins are heterogeneous and therefore, the share of Clasen in America is not so informative about ethnicity. Furthermore, we assume that the ethnicity of a surname’s bearers in the U.S. should closely reflect those outside the U.S. If Abbas is a common Muslim surname and Fukuyama is a common Asian surname outside the U.S., they will also be so – namely frequently held by Muslim and Asian descendants – inside the U.S. Hence, we exclude America as well as other multi-ethnic countries from the list, rescale the percentages to 100%, and aggregate them by the ethnic natures of the countries. As a result, we find that Clasen is 81% likely to be European and 15% likely to be Hispanic/Latino. This is the way we process Forebears (OnoGraph) data to fit our purpose. Different from the Census and DAFN dictionaries, which are deterministic, containing ethnically exclusive surnames only, this Forebears dictionary is probabilistic, where each surname entry is assigned with nine percentages indicating the probabilities of its bearers belonging to nine ethnic groups respectively.
In addition to the ethnic composition of surname holders, the Eq.1 also requires us to compile a table about the geographical distribution of ethnic groups  in multiethnic countries. We obtain these geo-related data from the census microdata on a country-by-country basis. As for the U.S., we rely on the American Community Survey (ACS) 1-year Public Use Microdata Sample (PUMS) files. As for Canada, we rely on the census long-form data collected from a sample of 25% of population every five years. This data detailed information on individual responses to ethnicity questions and enabled us to create custom tables to restructure the data into desirable format.
In monoethnic countries, both surname-only and geolocation-only analyses are effective in predicting ethnicity. However, given that academic researchers usually have high international mobility (Teichler 2015) and it is not atypical to see foreign scholars in monoethnic countries, geocoding analysis which assigns the majority ethnicity indifferently to all scholars might produce less reliable and more arbitrary results than surname analysis. So, we rely on surname analysis when predicting ethnicity in monoethnic contexts and combine both surname and geolocations in multiethnic contexts.
DAFN is a result of a ten-year research project involving more than 30 linguistic researchers (Hanks 2003). It not only contains the etymological and genealogical notes on more than 60,000 surnames but also sorts these surnames into 23 CEL (cultural, ethnic, and linguistic) groups. Thanks to the high compatibility between their classification of ethnicity and ours, we could easily match each of the 23 CEL groups with a specific ethnic group under our scheme. The second dictionary is the official document of 162,255 surnames that occur at least 100 times in the U.S. 2010 Census. This dictionary also provides the proportions of a given surname’s bearers self-identifying as White, Black, Asian, American Indian and Alaska Native, Hawaiian and other Pacific Islander, and Hispanic/Latino. The Black group here is equivalent to our African category while Asian and Hispanic/Latino are also included in our classification scheme. So, we chose to retain those ethnically distinct surnames whose bearers according to this census aggregate data are identified with Black, Asian, or Hispanic/Latino 90% or more of the time. The last and also the most extensive surname dictionary is the Forebears, an online genealogical archive that has retrieved data on the geological distribution of more than 31 million surnames. 
As for U.S., we rely on the American Community Survey (ACS) 1-year Public Use Microdata Sample (PUMS) files which provide detailed information about the ancestry of each person on about 1% of population every year (U.S. Census Bureau 2020). We apply the official person weights to estimate the actual size of each ethnic group in the region and then divide it by the total group size to obtain . As for Canada, we rely on the census long-form data to generate a tabulation of population by ethnic origins and provinces/territories.
[bookmark: _Toc151508055]Model Validation
[bookmark: _Toc151508056]In-sample Validation
To validate our measures of ethnicity, we randomly extracted a sample of 1,000 scholars and recruited two coders to manually identify their ethnicities (Supplemental Note S5). To establish intercoder reliability, we used a common set of 200 scholars to test the two coders and obtained Krippendorff’s alpha score of 0.81 and agreement rate of 0.865. With guaranteed reliability, the two coders moved on to code the remaining 800 scholars independently. The 1,000 coded cases were used as the ground truth against which the model estimates were validated. 
Then, in order to examine model performance for each single group, we break down the multi-class predictions by groups. This conversion is equivalent to dummy code a categorical variable. As a result, we attain nine sets of dummy variables, whose values are equal to 1 when the person is predicted by our model as from a specific ethnic group. Based on these binary predictions, we re-calculate the validation metrics. As can be seen from Table S1, the model can accurately predict each group more than 90% of the time. In terms of recall and precision scores, the model works reasonably well for most groups except for African. The recall and precision rates for African scholars are 77.8% and 33.3% respectively. This might be related to the small number of African scholars enrolled in the random sample for model validation (9 out of 1000). Among the 9 African scholars who are sampled into our validation set, the model can correctly predict 7 scholars, yielding a relatively high recall rate. However, it also overestimates the chance that a scholar has African descent, resulting in 14 misclassified cases (non-African scholars misclassified as African). Even though the out-of-sample validation results justify that the model is very powerful for estimating African presence in the aggregate, we recognize that our approach tend to overestimate the probability of a scholar being African individually. To reduce prediction errors, we manually checked the ethnicities of the most productive 300 scholars who were estimated by the model to be of African origins and rectified misclassified cases. Even so, the findings we demonstrate within this study are probably underestimating the real degree of ethnic disparities around African descendants. With this in mind, readers are encouraged to digest our findings from a slightly more pessimist perspective as the reality could be worse than we report.
Supplemental Table S1. Validation Metrics
	Group
	N
	Accuracy
	Recall
	Precision

	All
	1,000
	0.847
	0.797
	0.747

	Anglo-Saxon
	349
	0.924
	0.831
	0.929

	European
	414
	0.924
	0.915
	0.892

	Asian
	71
	0.976
	0.845
	0.800

	Slavic
	70
	0.976
	0.829
	0.806

	Hispanic/Latino
	69
	0.967
	0.783
	0.730

	Jewish
	43
	0.986
	0.744
	0.889

	African
	9
	0.972
	0.778
	0.333

	Muslim
	35
	0.974
	0.600
	0.600



[bookmark: _Toc151508057]Out-of-sample Validation
Furthermore, we have aggregated the model estimates and compared them with external sources of ground truth, namely the APSA membership. Results presented below provide compelling evidence that our approach can accurately assess the ethnic composition of the academic population. 
In preparation for the validation test, our initial step involves transforming our WOS article-level dataset into an author-level dataset that can approximate the population of APSA members. To make validation possible, we have to accept two admittedly simplistic assumptions: 1) all APSA members have published at least one article in SSCI-indexed political science journals; 2) all SSCI-indexed political science journals’ authors are APSA members. Based on these assumptions, we extract out all authors who have published at least one article in political science journals in 2020, 2019, 2018, and 2017, respectively, regardless of their position in the authorship order. Subsequently, we remove duplicate records of authors with the same full name and affiliation to yield an author-level dataset where every entry represents a unique author. From this dataset, we calculate the presentation of various ethnic groups. 
According to the APSA Membership Report in February 2020,[footnoteRef:3] 71.88% of APSA members self-identify as “Non-Hispanic White or Euro-American.” This category aligns closely with a combination of Anglo-Saxons, Europeans, and Slavic within our classification scheme. Our Bayesian model estimates that these three groups account for 26.5%, 36.7%, and 7.4% of authors in the year 2020. Collectively, they represent a total of 70.6%, which closely aligns with the percentage of "Non-Hispanic White or Euro-American" members (71.88%) within APSA. Besides, APSA survey reports that “East Asian or Asian American” scholars account for 9.06% of its members, while “South Asian or Indian American” account for 2.48%. In our classification scheme, East Asian, Asian American, and South Asian are three subgroups under the broader Asian category. However, we exclude a part of South and Southeast Asians who have Islamic names from the Asian category and classify them as Muslim. Our model indicates that Asian constitute 10.1% of SSCI authors in 2020, closely approximating the reported number of 11.54% by APSA. The small discrepancy of 1.44% can be attributed in part to the adoption of different ethnic typologies between APSA and our classification system. Besides, “Black, Afro-Caribbean, or African American” take up 4.47% of APSA members and 4.4% in our model predictions. “Latino or Hispanic American” constitute 6.03% of APSA members and 8.6% in our data set. Finally, “Middle Eastern or Arab American” scholars account for 1.98% of APSA members while Muslim account for 4.0% of our predicted cases. In addition to the prediction errors, this disparity is also partly due to the difference between the broad definition of Muslim and the narrow definition of MENA, which includes people who claim ancestry from a limited set of countries in the Middle East and North Africa. Overall, the Bayesian model has exhibited satisfactory performance, with groupwise prediction errors staying within the range of 1-2%. [3:  Data are collected from https://www.apsanet.org/RESOURCES/Data-on-the-Profession/Dashboard/Membership (Feb 2020). Access Date: 2 June, 2022.] 

Then, we repeat this validation process for the other three years of APSA membership data. The results consistently show a high congruence between the ethnic composition of APSA membership and that of our model predictions as below:
Supplemental Table S2. Percentages of Ethnic Group Members in APSA and Model Predictions of SSCI Authors
	Year
	White or Euro-American
	Asian or Indian American
	African American
	Hispanic/Latino
	Middle Eastern

	
	APSA
	Model
	APSA
	Model
	APSA
	Model
	APSA
	Model
	APSA
	Model

	2020
	71.9%
	70.6%
	10.1%
	11.5%
	4.47%
	4.4%
	6.03%
	8.6%
	1.98%
	4.0%

	2019
	75.3%
	72.2%
	9.65%
	8.65%
	4.86%
	4.41%
	6.05%
	8.1%
	1.56%
	3.6%

	2018
	76.3%
	71.4%
	9.14%
	9.15%
	4.43%
	4.36%
	5.90%
	8.2%
	1.51%
	3.8%

	2017
	76.0%
	72.7%
	9.46%
	8.72%
	4.43%
	4.16%
	5.88%
	7.7%
	1.46%
	3.5%



[bookmark: _Toc151508058]Model Limitations
Admittedly, our approach to estimating ethnicity is not perfect. The traditional marital name change poses a severe risk to estimation accuracy. As a result of patriarchal social norms, many women choose to take their husbands’ surnames upon marriage (Goodman, 2015; The Upshot Staff, 2015; Valetas, 2001). However, previous literature also suggests that marital naming choice varies by ethnicity, educational attainment, and income (Goldin & Shim, 2004; Goodman, 2015; Johnson & Scheuble, 1995; Scheuble & Johnson, 2005), and educational attainment is the most decisive factor for name retainment (Gooding & Kreider, 2010)—women with a doctoral degree are 9.8 times more likely to retain their names. Additionally, women marrying ethnic outgroups are more likely to keep their names than those marrying ingroups. Considering that our sample consists almost entirely of people with doctoral degrees and our purpose is to disentangle between-ethnic differences, the current study is arguably less subject to this name change bias.
[bookmark: _Toc151508059]Supplemental Table S3. List of Multiethnic and Monoethnic Countries
1. Multiethnic Countries include Australia, Bahrain, Belize, Benin, Bermuda, Burkina Faso, Canada, Chad, Christmas Island, Côte d’Ivoire, Cyprus, Ethiopia, Guinea-Bissau, Guyana, Kazakhstan, Lebanon, Malaysia, Mozambique, New Zealand, Nigeria, Sierra Leone, Sudan, Trinidad and Tobago, United Republic of Tanzania, United States of America
2. Monoethnic Countries include Afghanistan, Albania, Algeria, American Samoa, Andorra, Angola, Anguilla, Antarctica, Antigua and Barbuda, Argentina, Armenia, Aruba, Austria, Azerbaijan, Bahamas, Bangladesh, Barbados, Belarus, Belgium, Bhutan, Bolivia (Plurinational State of), Bonaire, Sint Eustatius and Saba, Bosnia and Herzegovina, Botswana, Brazil, British Indian Ocean Territory, Brunei Darussalam, Bulgaria, Burundi, Cabo Verde, Cambodia, Cameroon, Central African Republic, Chile, China, Colombia, Comoros, Congo, Costa Rica, Croatia, Cuba, Curaçao, Czechia, Democratic People's Republic of Korea, Democratic Republic of the Congo, Denmark, Djibouti, Dominica, Dominican Republic, Ecuador, Egypt, El Salvador, Equatorial Guinea, Eritrea, Estonia, Eswatini, Fiji, Finland, France, French Guiana, French Polynesia, French Southern Territories, Gabon, Gambia, Georgia, Germany, Ghana, Gibraltar, Greece, Greenland, Grenada, Guadeloupe, Guam, Guatemala, Guernsey, Guinea, Haiti, Holy See, Honduras, Hong Kong SAR, Hungary, Iceland, India, Indonesia, Iran (Islamic Republic of), Iraq, Ireland, Isle of Man, Israel, Italy, Jamaica, Japan, Jersey, Jordan, Kenya, Kiribati, Kuwait, Kyrgyzstan, Lao People's Democratic Republic, Latvia, Lesotho, Liberia, Libya, Liechtenstein, Lithuania, Luxembourg, Macao SAR, Madagascar, Malawi, Maldives, Mali, Malta, Martinique, Mauritania, Mauritius, Mayotte, Mexico, Micronesia (Federated States of), Monaco, Mongolia, Montenegro, Montserrat, Morocco, Myanmar, Namibia, Nauru, Nepal, Netherlands, New Caledonia, Nicaragua, Niger, Niue, North Macedonia, Norway, Oman, Pakistan, Palau, Panama, Papua New Guinea, Paraguay, Peru, Philippines, Pitcairn, Poland, Portugal, Puerto Rico, Qatar, Republic of Korea, Republic of Moldova, Réunion, Romania, Russian Federation, Rwanda, Saint Barthélemy, Saint Helena, Saint Kitts and Nevis, Saint Lucia, Saint Martin (French Part), Saint Pierre and Miquelon, Saint Vincent and the Grenadines, Samoa, San Marino, Sao Tome and Principe, Sark, Saudi Arabia, Senegal, Serbia, Seychelles, Singapore, Sint Maarten (Dutch part), Slovakia, Slovenia, Somalia, South Africa, South Sudan, Spain, Sri Lanka, State of Palestine, Suriname, Sweden, Switzerland, Syrian Arab Republic, Taiwan, Tajikistan, Thailand, Timor-Leste, Togo, Tokelau, Tonga, Tunisia, Turkey, Turkmenistan, Tuvalu, Uganda, Ukraine, United Arab Emirates, United Kingdom of Great Britain and Northern Ireland, Uruguay, Uzbekistan, Vanuatu, Venezuela (Bolivarian Republic of), Viet Nam, Western Sahara, Yemen, Zambia, Zimbabwe
[bookmark: _Hlk103442707]* Regarding the country names, we refer to United Nations’ standard country code (UN M94).
[bookmark: _Toc151508060]Supplemental Table S4. Classification of Countries
	Region
	Countries

	Global North
	United States, United Kingdom, Australia, Austria, Belgium, Canada, Denmark, Finland, Iceland, France, Germany, Ireland, Israel, Italy, Luxembourg, Holy See, Netherlands, New Zealand, Norway, Portugal, Hungary, Spain, Greece, Sweden, Switzerland, Greenland, Liechtenstein, Japan, Republic of Korea, Taiwan, Hong Kong SAR, Macao SAR, and Singapore

	Global South
	All other countries, including Afghanistan, Albania, Algeria, American Samoa, Andorra, Angola, Anguilla, Antigua and Barbuda, Argentina, Armenia, Aruba, Azerbaijan, Bahamas, Bahrain, Bangladesh, Barbados, Belarus, Belize, Benin, Bermuda, Bhutan, Bolivia, Bonaire, Sint Eustatius and Saba, Bosnia and Herzegovina, Botswana, Brazil, Brunei Darussalam, Bulgaria, Burkina Faso, Burundi, Cabo Verde, Cambodia, Cameroon, Central African Republic, Chad, Chile, China, Colombia, Comoros, Congo, Costa Rica, Côte d’Ivoire, Croatia, Cuba, Curaçao, Cyprus, Czechia, Democratic People's Republic of Korea, Democratic Republic of the Congo, Djibouti, Dominica, Dominican Republic, Ecuador, Egypt, El Salvador, Equatorial Guinea, Eritrea, Estonia, Eswatini, Ethiopia, Fiji, French Guiana, French Polynesia, Gabon, Gambia, Georgia, Ghana, Gibraltar, Grenada, Guadeloupe, Guatemala, Guernsey, Guinea, Guinea-Bissau, Guyana, Haiti, Honduras, India, Indonesia, Iran, Iraq, Isle of Man, Jamaica, Jersey, Jordan, Kazakhstan, Kenya, Kiribati, Kuwait, Kyrgyzstan, Lao People's Democratic Republic, Latvia, Lebanon, Lesotho, Liberia, Libya, Lithuania, Madagascar, Malawi, Malaysia, Maldives, Mali, Malta, Martinique, Mauritania, Mauritius, Mayotte, Mexico, Mongolia, Montenegro, Montserrat, Morocco, Mozambique, Myanmar, Namibia, Nauru, Nepal, New Caledonia, Nicaragua, Niger, Nigeria, Niue, North Macedonia, Oman, Pakistan, Palau, Panama, Papua New Guinea, Paraguay, Peru, Philippines, Pitcairn, Poland, Puerto Rico, Qatar, Republic of Moldova, Réunion, Romania, Russian Federation, Rwanda, Samoa, San Marino, Sao Tome and Principe, Sark, Saudi Arabia, Senegal, Serbia, Seychelles, Sierra Leone, Slovakia, Slovenia, Somalia, South Africa, South Sudan, Sri Lanka, State of Palestine, Sudan, Suriname, Syrian Arab Republic, Tajikistan, Thailand, Timor-Leste, Togo, Tokelau, Tonga, Trinidad and Tobago, Tunisia, Turkey, Turkmenistan, Tuvalu, Uganda, Ukraine, United Arab Emirates, United Republic of Tanzania, Uruguay, Uzbekistan, Vanuatu, Venezuela, Viet Nam, Western Sahara, Yemen, Zambia, Zimbabwe



[bookmark: _Toc151508061]Supplemental Note S4. Groupwise Specialization and Citation Impact
To better understand the evaluation gap, Figure S2 provides an overview of the relationship between a group’s topic specialization and the average citations received per article per year.  Specialization is measured by the coefficient of variation (CV) of a group’s relative representations across fifty topics. A high CV means the group is disproportionately involved in a small number of topics (Kozlowski et al. 2022). Groups in Figure S2 follow a downward trend where an increase in topic specialization will result in a decrease in citation impact. Global South authors exhibit the highest specialization and receive the lowest number of citations, whereas Global North authors exhibit the lowest specialization and receive the largest number of citations. This is expected, as the Global North authors account for 91% of publications. Male authors are the second least specialized group, whose works are ubiquitous across topics and receive more citations than their female counterparts. Such ubiquity is a privilege. It means male and Global North scholars don’t need to confine their research and impact to a few underrated areas. Jewish-origin authors, despite their relatively small population, are more ubiquitous than specialized. Except Jewish, all minoritized groups exhibit higher levels of specialization while receiving smaller numbers of citations.
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Figure S2. Relationship between groupwise specialization and citation impact
[bookmark: _Toc151508062]Supplemental Note S5. Between-Group Difference in Collaboration 
Supplemental Table S5 makes clear that there is no significant difference between ethnic groups in their tendency to partake in collaboration. Scholars from all ethnic groups have collaborated with others in over 30% of articles where they serve as the first authors. The collaboration rate is highest among Hispanic/Latino scholars and lowest among Slavic. As for Hispanic/Latino, 36% of their collaborated articles are coauthored with European scholars, probably because of the geographical proximity between Spain and other European countries. Whereas, as proven under multiple scenarios, Slavic are more segregated and independent than other ethnic groups. They engage in scholarly collaboration less frequently than others. 
Given the homogeneity in collaboration rates, the frequency of in-group and between-group collaboration is arguably dependent on the group size. The more an ethnic group is present in the academia, the more its members are likely to collaborate with their fellow members and also with people from other groups. For example, because of the relatively large group sizes, Anglo-Saxons and Europeans are more likely to encounter their ingroup fellows when randomly searching for potential collaborators. Similarly, people from other ethnic groups are also more likely to work with Anglo-Saxons or Europeans because they are more present in academia. Anglo-Saxons have collaborated with their ingroup fellows in 46% of multi-author papers where they serve as the leading authors and about 33% of cross-ethnic collaborative papers. Following them are Asians and Hispanics/Latinos. The disparity in cross-ethnic collaboration is thereby attributable to the representational disparity.
[bookmark: _Toc151508063]Supplemental Table S5. Percentages of Collaborative Articles and Cross-ethnic Collaboration by First Author Ethnicity
	First Author
	#Articles
	#Collab
	#Cross-ethnic Collab
	Collab Rate
	Cross-ethnic Collab Rate

	Anglo-Saxon
	58,774
	19,197
	10,446
	33%
	54%

	European
	56,591
	19,573
	10,264
	35%
	52%

	Asian
	10,516
	3,613
	2,562
	34%
	71%

	Slavic
	10,759
	3,120
	2,259
	29%
	72%

	Hispanic/Latino
	9,181
	3,442
	2,481
	37%
	72%

	African
	5,553
	1,876
	1,678
	34%
	89%

	Jewish
	5,642
	1,833
	1,660
	32%
	91%

	Muslim
	4,961
	1,754
	1,567
	35%
	89%


Note: By analyzing the collaboration rates of articles led by scholars of different ethnicities, we are assuming the collaboration decisions are mainly made by first authors and the collaborative process is also mainly pushed forwarded by them. This approach is distinct from the prorated authorship approach, which assumes all authors make equal contributions to scholarly output.

[bookmark: _Toc151508064]Supplemental Table S6. Details about Research Topics
	No.
	Label
	Topic Words

	1
	Developing countries
	development, relation, regional, trade, complex, foreign, agent, muslim, developing, federalism, developing_country, defence,austerity, expertise, multilateral

	2
	Human rights
	human_right, policy_making, minority, access, responsibility, principle, construction, moral, resistance, ukraine, consensus, divide, budget, respect, advocacy, cold_war

	3
	Diversity
	diversity, freedom, intelligence, expert, indigenous, soviet, causal, subsequent, equilibrium, concerning, adopt, centre, paid, desire, sharing

	4
	Gender politics
	woman, gender, protest, leadership, scholar, office, constitutional, feminist, likelihood, audience, lesson, difference, gap

	5
	Ideology
	movement, ideology, life, ideological, communication, traditional, german, status, anti, nationalism, origin, engage, association, build, real, loss, italian

	6
	Civil rights
	right, collective, class, established, labor, labor_right, repression, fundamental, recognition, salience, effectively, substantive, constitutional

	7
	Government performance
	administration, procedure, comprehensive, performance, interest, term, project, legal, financial, agreement, review, referendum, council

	8
	NATO
	nato, strategy, united_state, germany, investment, war, commitment, aid, alliance, long_term, coordination

	9
	Identity politics
	identity, party, history, cultural, culture, nationalism, conception, independent, autonomy, independence, attack, operation, supporter, complexity, reaction

	10
	Political economy
	economy, american, environment, expectation, interest_rate, responsiveness, component, priority, economics, disagreement

	11
	Market
	oil, market, debt, competition, politician, authority, share, game_theory, competitive, convergence, product, price, prediction, expectation

	12
	Authoritarianism
	actor, opposition, authoritarianism, country, regime, china, asia, efficacy, soviet, control, poland, west, geopolitical

	13
	Power and war
	power, war, power_system, regime, civil_society, finance, rhetoric, memory, elite, military, bureaucratic, capability, politicization

	14
	Court
	court, supreme_court, justice, appeal, debate, effort, charter, decision, evaluation, lower_court, personal, police, relevance

	15
	EU
	european, europe, european_union, european_parliament, integration, eu, strategic, refugee, active, america, solidarity, money, vision, move, limit

	16
	Political theory
	theory, approach, economy, practice, problem, definition, perspective, theoretical, thought, critique, solution, category, applied, introduction

	17
	Political participation
	participation, community, russia, legitimacy, engagement, legislator, interest_group, latin_america, platform, public_good, fund, funding, lobbying, voice, outline, linkage, bill

	18
	National security
	security, global, world, china, view, peace, international_relation, sovereignty, activism, balance, free_speech

	19
	Social movements
	social_movement, agenda, transformation, urban, land, revolution, un, division, food, rebel, italy, extreme, advocate, protest, rural, revolutionary

	20
	Family studies
	family, spouse, migration, gender, female, men, military, systematic, tension, psychological, nationalist, male, location

	21
	Military service
	military, agency, service, veteran, aid, effectiveness, civilian, income, professional, equality, municipality, additional, tie, occupation

	22
	Education
	choice, education, opportunity, school, classroom, effective, normative, belief, indicator, involvement, infrastructure, governing, satisfaction

	23
	International order
	order, populism, capitalism, multilateralism, contemporary, western, focus, broader, technology, australia, tradition, treaty, reality

	24
	Public sector
	public, local, benefit, private, building, sector, due, participant, providing, individual_level, south_africa, revenue, moment, church

	25
	Environmentalism
	environmental, justice, climate, concern, formation, administrative, commission, constitution, environmentalism

	26
	Citizenship
	citizenship, nation, state, country, system, national, society, mechanism, regulation, developed, immigrant, migrant, initiative, improve, economic_growth, northern_ireland, nationalization

	27
	Welfare
	welfare, regulatory, child, provision, equality, welfare_state, science, prevention, affirmative_action, competence, policy_maker, employed, youth

	28
	Resilience
	community, resilience, disaster, intervention, poor, discipline, neoliberal, space, strong, discussion

	29
	Border issues
	border, green_line, escape, successful, addition, company, arrangement, security, resource, geography

	30
	Regional collaboration
	framework, offer, region, religious, territory, territorial, weak, collective_action, collaboration, conflict

	31
	Tax
	tax, industry, audit, powerful, revolt, poverty, effectiveness, compliance, cost, demand, tool, insurance

	32
	Violence and media
	violence, terrorism, exposure, crime, media, image, radical, emotion, capture, violent, fear, news, story, representation, islamic

	33
	Conflicts
	civil_war, violence, insurgency, african, democracy, crime, power, legitimacy, radical, army

	34
	Judicial system
	judicial, measure, act, judge, liberal, president, opinion, labour, federal, congress, instrument, delegation, selection

	35
	News and politics
	narrative, central, greater, immigration, design, implementation, migration, force, goal, regarding, self, help, news, frame

	36
	Electoral system
	law, representation, partisan, contribution, event, seek, student, ballot, turnout, district, scale, geography, identification, electoral_system

	37
	Economy
	economic, crisis, consequence, incentive, frame, stability, experiment, production, employment, orientation, job, discrimination, growth, income'

	38
	Risk society
	risk, attention, threat, justice, shape, explanation, hazard, fact, environment, protection, framing, rather

	39
	Stratification
	household, income, gap, transnational, failure, distribution, task, available, wealth, wage, congressional, heterogeneity

	40
	Census and population
	population, census, demographic, estimate, trend, growth, target, turkey, repression, advantage, foundation, exercise, drive, citizen, family

	41
	Institutional change
	change, institutional, regime, leader, quality, decision_making, health, parliamentary, structural, assessment, content, dominant, motivation, mobility, ground, adaptation, circumstance

	42
	Research methods
	data, method, historical, determinant, majority, interaction, primary, language, constituency, crucial, expected, domain, creation, national_identity, cleavage

	43
	Polarization
	democratic, position, elite, populist, republican, polarization, authoritarian, partisanship, emergence, religion, struggle, diverse, right_wing, israel

	44
	International relations
	politics, international, role, institution, organization, value, area, management, coalition, norm, importance, cooperation, negotiation, foreign_policy

	45
	Government accountability
	social, citizen, perception, structure, inequality, accountability, shift, attempt, conservative, human

	46
	Survey
	issue, result, question, survey, response, trust, public_opinion, member_state, respondent, call, answer, document

	47
	Election
	party, election, voter, electoral, candidate, outcome, vote, voting, member, campaign, legislative, representative, climate, comparative, parliament, incumbent, membership, legislature

	48
	Regulatory policy
	policy, group, network, domestic, capacity, corruption, program, characteristic, pressure, energy, wider, style, combine, taxation

	49
	Public administration
	government, effect, analysis, support_level, behavior, performance, condition, test, period, number

	50
	Race and discrimination
	preference, attitude, difference, bias, mobilization, race, popular, worker, black, left, white, comparison, racial, attitude_toward, competing, measurement



[bookmark: _Toc151508065]Supplemental Table S7. Heterogenous Effects
	Variables
	Model S1
FA-based
T20 Institutions
	Model S2
FA-based
T30 Institutions
	Model S3
FA-based
T40 Institutions
	Model S4
FA-based
T100 Institutions

	
	B (S.E.)
	t
	B (S.E.)
	t
	B (S.E.)
	t
	B (S.E.)
	t

	Author Identity
	
	
	
	
	
	
	
	

	Gender = Female
	.03** (.01)
	2.8
	.04*** (.01)
	3.9
	.04*** (.01)
	4.8
	.04*** (.01)
	7.3

	Ethnicity (ref: Anglo-Saxon)
	
	
	
	
	
	
	
	

	European
	.02 (.01)
	1.2
	-.002 (.01)
	-0.2
	-.01 (.01)
	-1.3
	-.01 (.01)
	-1.9

	Asian
	-.04 (.02)
	-1.6
	-.05** (.02)
	-2.8
	-.05*** (.02)
	-3.3
	-.07*** (.01)
	-5.5

	Slavic
	-.03 (.02)
	-1.2
	-.05** (.02)
	-2.7
	-.05** (.02)
	-2.8
	-.05*** (.01)
	-4.0

	Hispanic/Latino
	-.03 (.02)
	-1.3
	-.04* (.02)
	-2.0
	-.04* (.02)
	-2.2
	-.03* (.01)
	-2.5

	African
	-.08** (.03)
	-3.1
	-.08*** (.02)
	-3.8
	-.09*** (.02)
	-4.7
	-.07*** (.02)
	-4.9

	Jewish
	-.07* (.03)
	-2.4
	-.08** (.03)
	-3.2
	-.08*** (.02)
	-3.4
	-.07*** (.02)
	-4.6

	Muslim
	-.01 (.03)
	-.2
	-.03 (.02)
	-1.1
	-.03 (.02)
	-1.2
	-.04* (.02)
	-2.3

	Others
	-.41 (.22)
	-1.9
	-.43* (.22)
	-2.0
	-.43* (.21)
	-2.0
	-0.14 (0.13)
	-1.1

	Region = South
	.22 (.15)
	1.5
	.15 (.13)
	1.2
	.14 (.13)
	1.1
	-.002 (.09)
	-.02

	Team Diversity
	
	
	
	
	
	
	
	

	Mixed-Gender
	-.01 (.02)
	-.4
	-.01 (.01)
	-.4
	-.01 (.01)
	-0.5
	-.003 (.01)
	-.4

	Cross-Ethnic
	.04** (.02)
	2.6
	.04** (.01)
	3.0
	.03* (.01)
	2.6
	.02** (0.01)
	2.9

	Cross-Regional
	-.07 (.04)
	-1.8
	-.09** (.04)
	-2.6
	-.06 (.03)
	-1.9
	-.08*** (0.02)
	-3.5

	Cross-National
	.04 (.02)
	2.4
	.04* (.02)
	2.3
	.05*** (.01)
	3.8
	.06*** (0.01)
	5.8

	%Outgroup References
	.002 (.03)
	.04
	.01 (.03)
	0.4
	.05* (.03)
	2.0
	.05** (.02)
	2.8

	[bookmark: bookmark=id.2u6wntf]Control Variables
	
	
	
	
	
	
	
	

	Team Size
	.06*** (.01)
	6.6
	.06*** (.01)
	7.1
	.05*** (.01)
	7.6
	.06*** (.01)
	11.0

	#Cited References
	.003*** (0)
	18.4
	.003*** (0)
	22.0
	.003*** (0)
	24.7
	.003*** (0)
	31.1

	Author Reputation
	.001*** (0)
	11.4
	.001*** (0)
	13.3
	.001*** (0)
	15.8
	.002*** (0)
	24.2

	Author Publication
	.01*** (0)
	5.3
	.01*** (0)
	6.8
	.01*** (0)
	7.3
	.01*** (0)
	7.5

	Article Age
	.04*** (0)
	24.4
	.04*** (0)
	29.5
	.04*** (0)
	32.3
	.03*** (0)
	41.8

	Journal Prestige
	.01*** (0)
	39.9
	.01*** (0)
	44.3
	.01*** (0)
	49.5
	.01*** (0)
	68.0

	Affiliation Prestige
	4.15 (2.27)
	1.8
	2.96 (1.85)
	1.6
	4.83** (1.64)
	2.9
	6.23*** (1.19)
	5.2

	Topics (K=50)
	YES
	YES
	YES
	YES

	Constant
	1.56*** (.33)
	4.7
	1.39*** (.28)
	4.9
	1.13*** (.26)
	4.4
	.84*** (.19)
	4.5

	N
	8,170
	11,085
	13,703
	25,678

	[bookmark: _heading=h.19c6y18]Adjusted R2
	.437
	.425
	.424
	.419


[bookmark: _Toc151508066]Supplemental Figure S3. Top 15 Institutions
[image: A graph with different colored bars

Description automatically generated]
Note: Institutions are rated by the number of articles that they have contributed to as measured by the team-based Affiliation Prestige (See the Data and Measures section). Ethnic diversity is gauged by the entropy of ethnic composition within each university.

[bookmark: _Toc151508067]Supplemental Note S6. Manual Codebook
[bookmark: _Toc52292182][bookmark: _Toc151508068]Project Summary
[bookmark: OLE_LINK1]Many people have voiced their concerns about the systemic discrimination against ethnic minorities by participating in civil right movements such as Black Lives Matter and Stop Asian Hate. In the academia, however, although ample anecdotal evidence suggests ethnic inequalities and colonial legacies permeate scholarly discussion, only a few scientific investigations have been performed to prove or disapprove the purported inequalities (Chakravartty et al. 2018). This research aims to examine the longitudinal changes of ethnic representation in the field of political science. To this end, we draw on bibliometric data of 211,179 research articles in SSCI-listed Political Science journals between 1970 and 2020 from Web of Science. Through in-depth analysis of bibliometric data, we hope this study can contribute a thorough reflection on how ethnicity influences academic performance, collaboration, and attainment in the process of knowledge production, dissemination, and reproduction. 
To identify scholars’ ethnicities, we will adopt a Bayesian approach that combines surname and geo-coded information, which according to existing literature is the state-of-the-art method for ethnicity detection, outperforming other popular alternatives such as surname only and geo-coding only approaches (Elliott et al. 2008; Imai and Khanna 2016; Fiscella and Fremont 2006). To establish the reliability and validity, we will conduct two runs of manual coding to classify 1,000 scholars into eight ethnic groups based on their names, profile images, biographies, and other relevant author information. In the first run, our task is to establish intercoder reliability based on a small sample of scholars (N=200). With the IRR guaranteed, one coder will continue to code the remaining scholars (N=800). This collection of 1,000 scholars with human-coded ethnicities will be used as ground truth, with which the Bayesian estimations will be compared to yield the accuracy and validity statistics.
[bookmark: _Toc52292183][bookmark: _Toc151508069]Rationale for Manual Coding
1. [bookmark: _Toc105367464][bookmark: _Toc108164498][bookmark: _Toc151508070]Definition and Typology
Ethnicity is an intuitive term yet with very fuzzy boundaries. In this study, we define ethnicity as a multi-dimensional construct that encompasses numerous aspects of cultural affiliation, in relation with kinship, religion, language, shared territory, nationality, and physical appearance (Bulmer, 2018). An ethnic group consists of people who have some or all the following characteristics:
1) Genealogy: Sharing a list of common surnames indicative of common ancestry and family origins.
2) Culture: Having common religion, customs, or language.
3) Geography: Originating from a common geographic area.
4) Physical Traits: Sharing certain phenotypic characteristics, such as skin color, which is indicative of genetic proximity.
A close and even interchangeable synonym of ethnicity is race (Garcia, 2017; Williams, 1994). While ethnicity is broadly defined, containing biological as well as cultural characteristics, race is more of a primordial and hereditary concept, encompassing mainly biological characteristics such as skin color and hair texture. For example, US Census’s categorization[footnoteRef:4] considers White, Black, Asian, American Indian, and Pacific Islanders as racial groups, while Hispanic/Latino (affiliated by common colonial history, language, and clustered in geography) as an ethnic group. In this study, we opt to use ethnicity as our central construct and consider race as a biologically focused sub-category of ethnicity. [4:  https://www.census.gov/topics/population/race.html, https://www.census.gov/topics/population/hispanic-origin.html ] 


2. [bookmark: _Toc105367465][bookmark: _Toc108164499][bookmark: _Toc151508071]Categorization Scheme
[bookmark: OLE_LINK4]We are going to classify scholars into mutually exclusive nine categories: Anglo-Saxon, Slavic, Hispanic/Latino, Muslim, Jewish, African, Asian, European, and Others, based on their ethnic origins. Ethnic origin here is defined by one’s ancestor that is usually more distant than a grandparent. We will use celebrities and famous scholars as examples to help coders develop a more comprehensive understanding of the categories.
1) [bookmark: OLE_LINK5]Anglo-Saxon: Anglo-Saxon is a racial category that comprises English-speaking white population having origins in the United States and commonwealth countries such as United Kingdom, Canada, Australia, and New Zealand. Welsh, Scottish and Irish are also included in Anglo-Saxon category because of the ethno-cultural similarity and proximity.
2) [bookmark: OLE_LINK3]Slavic: Slavic is an ethno-linguistic group of people who have origins in Slavic-speaking countries in Eastern Europe or Western Asia. It is also known as Soviet Bloc, Communist Bloc and Eastern Bloc because of its history of communist rule during the Soviet era.
3) Hispanic/Latino: Hispanic/Latino is an ethno-linguistic group of people who have origins in Spain or Spanish-speaking countries in Latin America (which excludes Brazil because it is Portuguese-speaking), while Latino is an ethno-geographic group of people from Latin America no matter what languages they speak. So, when combined, these two subgroups together refer to people who originate from Latin America or Spain.
4) Muslim: Muslim is an ethno-religious group consisting of Islam followers. While Muslims are found on all continents, more than 60% of the Muslim population is in Asia (Indonesia, India, Pakistan, Bangladesh, Uzbekistan, and Kyrgyzstan all have sizable Muslim population) and about 20% is in the Middle East and North Africa (abbr. MENA, Pew Research Center, 2009). In terms of Muslim population density, the Middle East and North Africa surpasses all other regions. Muslim represents more than 95% of population in more than half of the countries in the region. Given the fact that about four-fifths of the world’s Muslim population live in Muslim majority (Pew Research Center 2009), geolocation can effectively inform our judgement of Muslim identity. It is worth noting that the Muslim group in this study is broader than MENA and Arab world as it includes Muslim population from non-MENA countries such as Indonesia and non-Arab countries such as Iran and Turkey.
5) Jewish: Jewish is also an ethno-religious group of people who originate from Israel. Jewish ethnicity, language, and religion are strongly interrelated, as Judaism is the ethnic religion and Hebrew the ethnic language of most Jewish people.
6) African: Because the ethnic categories are mutually exclusive, the African group includes non-Muslim black people having origins in Africa.[footnoteRef:5]  [5:  Hispanic/Latino, Slavic, Jewish, Asian, and European categories by nature are contradictory with African category because they entail requirements for one’s ancestry being in particular regions outside of Africa.] 

7) Asian: Because the ethnic categories are mutually exclusive, the Asian group includes any non-Muslim, non-Jewish, non-Slavic, and non-Anglo-Saxon person having origins in Asia.[footnoteRef:6]  [6:  Hispanic/Latino, African, and European categories by nature are contradictory with Asian category because they entail requirements for one’s ancestry being in particular regions outside of Asia.] 

8) European: Because the ethnic categories are mutually exclusive, the European group includes any non-Muslim, non-Jewish, non-Slavic, non-Hispanic, and non-Anglo-Saxon person having origins in Europe.[footnoteRef:7] While Hispanic and Slavic are excluded, Germanic, Italian, Portugal, and Scandinavian are included in this category. [7:  Hispanic/Latino, Slavic, African, and European categories by nature are contradictory with Asian category because they entail requirements for one’s ancestry being in particular regions outside of Africa.] 

9) Others: People who do not belong to any category above should be labeled as “Others.” For example, the Pacific Islanders and the Native Americans belong to this category.

3. [bookmark: _Toc105367466][bookmark: _Toc108164500][bookmark: _Toc151508072]Reference Materials for Coding
1) [bookmark: OLE_LINK7]Country Classification Table: We have prepared a table of ethnic classifications of 250 countries and territories following the same typology as described above. If the ethnic majority group accounts for more than 80% of a country’s population, we consider that country as a monoethnic country and that majority group as a dominant ethnicity. Furthermore, we label monoethnic countries according to the dominant ethnicities. If no ethnic group in the country makes up more than 80% of the population, we consider the country multiethnic and code it as “Mixed.” For example, China is coded as “Asian” because Asian (or more specifically Han people) make up more than 90% of the total population, while Canada is coded as “Mixed” since no ethnic majority group is found. Anglo-Saxon, European (of French descent), and Asian all account for considerable proportions of the population and none of them has a dominant presence over 80%. You would need to consult this table when estimating a person’s ethnicity based on his or her country of origin.
2) [bookmark: OLE_LINK8]Dictionary of American Family Names: This dictionary compiles over 60,000 surnames in America and gives detailed explanations of each surname’s meaning, genealogical root, alternate spellings, and common forenames associated with it. To cross-validate your coding, you would need to search this dictionary for the scholars’ surnames every time before you make a final decision about a scholar’s ethnicity.
3) Frequently Occurring Surnames in 2010 US Census: This table consists of 162,252 surnames that appear 100 or more times in the 2010 US Census returns. For each listed surname, you can also find its associated ethnic/racial composition, i.e., the proportions of respondents with the given surname that self-identify as White, Black, Asian, American Indian and Alaska Native, Hispanic, and Two or More Races, respectively. Although this table is only indicative of racial composition in USA, it can shed useful light on surnames that are exclusively used by only one ethnic group. We assume indiscriminative surnames will stay indiscriminative and discriminative surnames will stay discriminative across different contexts. It means, on the one hand, the ethnic compositions of indiscriminative surnames such as Smith and Williams are contingent on the ethnic demographics of the country. A country with a large black population should presumably have more black Smiths than a country with only a few black people. On the other hand, the ethnically discriminative surnames Garcia and Lopez are always used by Hispanic, and Kim and Ng are always used by Asian, regardless of the contexts. Hence, this table can serve as an effective reference for validating ethnically discriminative surnames. For example, the Census table has informed us that a person surnamed Garcia is 92.03% likely to be Hispanic. If you find a Garcia was born in a monoethnic Asian country, you should take extra caution on your coding and try to find more evidence, such as the scholar’s photos and his or her education profiles, to draw a more reliable conclusion on ethnicity. 
· Memo: The White group here is an umbrella category which includes what we define as European, Slavic, Jewish, and a large number of Muslim. In fact, 80% of MENA people are identified as white according to US Census criteria and Arab communities have been lobbying for years to create a separate category for MENA but haven’t yet succeeded.
4) Forebears.io: Forebears.io is a genealogical website based in the United Kingdom, which has collected data on more than 11 million surnames. This dictionary is based on information regarding the country where people with particular surnames reside.
4. [bookmark: _Toc105367467][bookmark: _Toc108164501][bookmark: _Toc151508073]Workflow 

Step 1. Search biographies for family histories. In the best of circumstances, we should identify one’s ethnic origin by his or her ancestors more distant than grandparents. However, in reality, information on distant ancestors is often not available. In that case, we will determine the scholar’s ethnicity based on the most distant ancestors known. For example, if both grandparents and great-grandparents are known, we will determine the origin based on the great-grandparents’ information. If great-grandparents’ identities are indeterminate, we will make a compromised decision instead based on the available information about grandparents. If the most distant ancestors have different ethnicities, we should put down a “1” in the Mixed column and then proceed to Step 2.
Step 2. Search biographies and CVs for place of birth. Search the Country Classification Table and determine the ethnic category based on scholars’ place of birth. If the scholar was born in a monoethnic country, without additional information available, we will default the scholar’s ethnicity to the majority ethnicity (which accounts for more than 80% of the population in the country). If the search result is “Mixed,” it means the scholar was born in a multiethnic country. In this case, please proceed to Step 3. If not, please annotate the author’s ethnicity according to the country’s code and EXIT.
Step 3. Search biographies and CVs for undergraduate university. Refer to the Country Classification Table and annotate the scholar as the dominant ethnicity if the country is a monoethnic country. If the scholar obtained his or her bachelor’s degree in a multiethnic country, proceed to Step 4.
Step 4. Determine the ethnicity according to the geolocation information of affiliation. Search the Country Classification Table for the country of affiliation. If it is a monoethnic country, we will default the scholar to the majority ethnicity. If it is a multiethnic country such as the United States and Canada, proceed to Step 5.
Step 5. Search Forebears.io for the origins of surnames[footnoteRef:8]. Refer to the Country Classification Table and determine the category based on the geolocation information as stated in Step 2. If the search result is “Mixed,” it means the scholar’s family name has been widely used in a multiethnic country which cannot help us distinguish the scholar’s origin. In this case, proceed to Step 6. [8:  As for double-barreled surnames we shall split the surnames apart and estimate ethnicities primarily on the first half of surnames. For example, Beyoncé’s surname Knowles-Carter is a combination of her maiden name Knowles and her husband’s surname Carter. We should predict her ethnicity based on her maiden name Knowles.] 

Step 6. Search the Web for the scholar’s visual image. Determine the ethnicity based on the visual hints of physical phenotypes, such as skin color and iris color. If it is still indecisive, please code it as “unknown.”
Validation: Please consult the Dictionary of American Family Names and the Frequently Occurring Surnames in the 2010 US Census to cross-validate your coding decisions every time before you exit above coding loop.
5. [bookmark: _Toc105367468][bookmark: _Toc108164502][bookmark: _Toc151508074]Evidence Priority Pyramid
	Evidence Type
	Priority Level

	Type A
	Family History
	★★★

	Type B
	Surnames
	

	
	① Monoethnic surnames by DAFN or US Census
	★★☆

	
	② Surnames from Monoethnic regions by Forebears.io
	★★

	
	② Surnames from Multiethnic regions
	

	Type C
	Geolocations
	

	
	① Place of Birth (Monoethnic)
	★★★

	
	② Place of Undergraduate Study (Monoethnic)
	★★

	
	③ Place of Work (Monoethnic)
	★

	
	④ Multiethnic Regions
	

	Type D
	Visual Images
	★


To achieve a satisfactory level of validity, we will need to collect at least three stars (★★★) by integrating and cross-validating various kinds of evidence from different sources. If a person had studied and worked only in Anglo-Saxon multiethnic countries, namely USA, Canada, Australia and New Zealand, his or her surname prevails mostly within these regions, and his or her visual images show distinctive appearance characteristics of Anglo-Saxon phenotype, we can identify him or her as Anglo-Saxon.
6. [bookmark: _Toc105367469][bookmark: _Toc108164503][bookmark: _Toc151508075]Sample for Coding
As the coding process would require a variety of information from scholars’ biographies to personal images, to make sure as much information about the scholars as possible can be found through Internet search, we will focus on a set of scholars who are relatively active in recent years. In particular, we extract a random sample of 1,000 scholars who have published at least 3 papers in the past five years (2016-2020). In order to avoid the problems of namesakes, only people who are marked by identical full names and identical affiliations will be recognized as the same person. We have found a total of 5,256 scholars have published at least 3 papers (regardless of the author orders) in SSCI-indexed Political Science journals, from whom we randomly extracted 1,000 scholars as our coding sample.


[bookmark: _Toc151508076]Visualization of Coding Procedure
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