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Abstract

This pre-analysis plan describes how we will design, implement, and expect to analyze the results from a field experiment – a resume correspondence study – to assess the discrimination in hiring faced by Indigenous Peoples in the United States (American Indians, Alaska Natives, and Native Hawaiians).  We will create realistic resumes of men and women of about age 30 applying for common entry-level jobs (retail sales, cook, wait-staff, janitor, security).  We will then send employers resumes that either signal that the applicant is Indigenous or white, with all other resume features the same on average.  We further signal that some of the Native American applicants grew up on an Indian reservation to measure to what extent employers penalize Native Americans who grew up on Indian reservations.  Our primary analyses will be group means (e.g., average callback for white vs. Indigenous applicants), broken down by sub-types, and probit regression models.
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Introduction

According to the 2010 Census, 5.2 million people in the United States identified as American Indian or Alaska Native (AIAN) and 1.2 million identified as Native Hawaiian or Other Pacific Islander (NHPI), either alone or in combinations with other races (Hixson, Hepler, and Kim, 2012; Norris, Vines, and Hoeffel, 2012). The AIAN population is projected to grow to 8.6 million by 2050 (U.S. Census Bureau, 2015) and the NHPI population is also experiencing rapid growth (Hixson et al., 2012).
Indigenous Peoples face economic challenges. In the United States, AIANs have the lowest employment-to-population ratio (54.6%, with 59.9% for Whites), the highest unemployment rate (9.9%, with 4.6% for Whites) (U.S. Bureau of Labor Statistics, 2016), and they earn significantly less income (median income of $35,060 in 2010, compared to $50,046 for the nation as a whole) (U.S. Census Bureau, 2015).  These racial gaps in economic outcomes are less stark for NHPIs as they have the highest employment-to-population ratio (62.8%).  Though, this could reflect a stronger economy in Hawaii[footnoteRef:1]; even absent this, unemployment rates are still higher for NHPIs relative to whites (5.7%, versus 4.6%) (U.S. Bureau of Labor Statistics, 2016). [1:  In November 2016 Hawaii had the fifth lowest unemployment rate. See https://www.bls.gov/web/laus/laumstrk.htm (accessed Dec. 30, 2016).
] 

A possible explanation for these racial gaps in employment or earnings is discrimination. Anecdotal evidence suggests that Indigenous Peoples face employment discrimination[footnoteRef:2], but we are only aware of one study that investigated this in the United States.[footnoteRef:3]  Hurst (1997) decomposed the AIAN-White earnings gap using an Oaxaca-Blinder decomposition and attributed most of the gap to differences in characteristics rather than wage structures. [2:  See, e.g., https://www.justice.gov/opa/pr/justice-department-sues-south-dakota-state-agency-discrimination-against-native-american-job (accessed May. 1, 2016)
]  [3:  Research on discrimination against Indigenous people is somewhat more common for Canada (e.g., Feir, 2013) and Australia (e.g., Booth, Leigh, and Varganova, 2012). There are many discrimination studies using US data, but they are all on other disadvantaged groups. See Neumark (2016) for a review of the experimental studies. Austin  (2013) suggests that a resume-correspondence study of our nature for discrimination against Native Americans would be useful (pp. 25).] 

From a policy perspective, quantifying this discrimination is important. If there is little discrimination, this suggests that the gap in economic outcomes between Indigenous Peoples and whites is largely caused by factors other than race, such as differences in education or upbringing. Thus, if there is no or little discrimination, then this may suggest that investing in education and poverty reduction would be most useful, as these factors are behind the gaps.
However, if there is significant discrimination, then this suggests that supply-side policy measures, such as education or skills training, may be less effective at closing this gap. For example, the U.S. Department of Education recently announced over $18 million through the 2016 Indian Demonstration Project Awards, which seek to "...improve the education opportunities and achievement of preschool, elementary, and secondary school Indian children by developing, testing, and demonstrating effective services and programs.”[footnoteRef:4] [4:  See http://www2.ed.gov/about/offices/list/oese/oie/index.html (accessed October 21, 2016).] 

The ability for these supply-side measures to improve outcomes may be frustrated on the demand size by discriminatory employers. Thus supply-side measures would do less to close this gap while stronger discrimination laws or enforcement of them could be more helpful, as could efforts that to reduce discriminatory attitudes, behaviors, or our abilities to act upon them.


The Field Experiment

We propose a field experiment—more specifically a resume correspondence study—to quantify discrimination in a field environment by sending matched job applicants to job openings. These job applicants are identical on average but are either signaled to be white or Indigenous (Native Americans, Alaska Natives, or Native Hawaiians). Our approach follows previous studies of this nature (e.g., Bertrand and Mullainathan 2004; Lahey 2008; Neumark, Burn, and Button 2015; Tilcsik 2011) by estimating hiring discrimination by comparing interview offer rates for these applicants.
We propose this field experiment to measure discrimination because it would provide the more accurate estimate of discrimination by controlling for more differences other than race. Economists often try to estimate discrimination using survey data. They attempt to explain the gap between advantaged and disadvantaged groups as a function of many factors, such as education or career choices, using an Oaxaca-Blinder decomposition (Oaxaca and Ransom 1994; Hurst 1997). The goal is to make the two groups comparable in as many ways as possible so that the unexplained gap is an estimate of discrimination.
However, these studies cannot control for all factors that would affect these gaps, making it difficult to interpret the unexplained gap as discrimination. For this reason, field experiments that create equivalent job applicants by construction are preferred (Neumark, 2016). That being said, these audit studies only measure discrimination for particular labor markets for particular types of applicants during a particular time period, so while the evidence avoids more potential sources of bias, these studies cannot comment on discrimination across the entire labor market.
One issue with the resume-correspondence design is that it is difficult to measure discrimination when the advantaged and disadvantaged groups differ in some fundamental way, such that they cannot be made identical. An example is age, where older workers generally have a longer work history and constructing resumes is not straightforward (Neumark, Burn, and Button 2015). In this context, the difference is that some Native Americans grew up on Indian reservations. We explore this in our study by creating Native American applicants that either grew up on an Indian reservation (attended a reservation high school and had some work experience on the reservation) or grew up in the local city.
We consider identical Native American applicants both with and without an upbringing on an Indian reservation for two reasons. First, our discrimination estimates are more population representative if they include both types of applicants. As of 2015, there were 326 federal and state recognized American Indian reservations, excluding Hawaiian Homelands (U.S. Census Bureau, 2015). Overall, 22% of AIANs have lived in American Indian or Alaska Native Statistical Areas (U.S. Census Bureau, 2011).
Second, we seek to estimate the penalty that employers place on Native Americans who are from Indian reservations. Employers may dislike Native Americans from reservations because reservations could be associated with negative socio-economic outcomes. For example, poverty rates are higher on reservations: Native Americans living on tribal lands were 10.1% more likely to live in poverty (Collett, Limb, and Shafer, 2016). Educational quality may also be lower, as Native American students at schools on or near Indian reservations face challenges that make academic achievement more difficult (DeVoe, Darling-Churchill, and Snyder, 2008).
Estimating how upbringing on an Indian reservation is perceived is important because many Native Americans who grew up on a reservation make the difficult decision to migrate off the reservation to move to urban centers (e.g., Pickering, 2000).  Migration of Native Americans to urban centers increased steadily since World War II and the relocation programs of the 1950s. In the 1930, 10% of Native Americans lived in cities, with this increasing to 30% in 1960, 45% in 1970, and about 50% through the 1980s and 1990s (Snipp, 1996, 1997). As of 2010, 71% of those who identify as AIAN (alone or in combination with one or more races) live in urban areas (U.S. Census Bureau, 2010). Those who grow up on a reservation and migrate to an urban center to pursue economic opportunities may face difficulties if their labor market and educational experiences are discounted, or if other negative assumptions are made about their background.

Racial Signals

We consider three possible ways to signal that the job applicant is Indigenous: volunteer experience, languages spoken, and names. Not all these signals are appropriate for each Indigenous group. Our matching of possible signals to Indigenous groups is presented in Table 1. We explain below how these types of signals were used in the literature, how we constructed each signal, and how we determined which signals were appropriate for which groups. We then discuss how these signals are assigned to resumes, providing examples in Appendix 1.
Volunteer or work experience has been used frequently to signal minority status.  It has been used primarily to study discrimination against gays and lesbians, with this minority status being signaled through volunteer or work experience with a lesbian, gay, bisexual, and transgender (LGBT) or gay or lesbian group (see, e.g., Tilcsik, 2011).  Another case of using volunteer experience to signal minority status is Ameri et al. (2015), who add volunteer experience as an accountant at a fictional New Jersey disability group (either one for Asperger’s syndrome or for spinal cord injury).  We follow a similar approach by using volunteer experience as a youth mentor with the Big Brothers and Big Sisters of America to signal race.  When this is used as a racial signal, it is phrased as[footnoteRef:5]: “I mentored youth in my (Native American/Native Hawaiian/Alaska Native) community. I worked with youth on social skills, academics, and understanding our (Native American/Native Hawaiian/Alaska Native) culture.”[footnoteRef:6] [5:  How this is phrased varies very slightly by the resume template style used.
]  [6:  This experience could be seen as valuable to employers, independent of the racial signal, so this must be controlled for. All applicants, regardless of race or signals used, will include one volunteer experience on their resume. The white applicant sent to the same employer gets one of two volunteer experiences, randomly chosen: either being a youth mentor with the local Boys and Girls Club or being a volunteer who sorts food at a local food bank. While these experiences are likely of similar quality, it is still possible that employers perceive Big Brothers Big Sisters as a better or worse experience than the Boys and Girls club or the food bank.
] 

To deal with this, the Big Brothers Big Sisters experience is randomly assigned to one of the resumes, but without the mention of race,[footnoteRef:7] for applicant pairs where the Indigenous applicant does not use the volunteer signal. Thus the effect of the Big Brothers Big Sisters experience can be independently identified. Appendix 1 includes examples of our resumes and presents examples of how these signals appear on the resumes. [7:  This is phrased as: “I mentor youth in my community. I work with youth on social skills, academics, and community engagement.” This is very similar to how it is phrased with this is used as a racial signal, although without the mention of race.] 

Surprisingly, we found few typical audit-correspondence (AC) studies of discrimination that used language as a signal (one example may be Oreopolous, 2011, to some extent). However, one study suggests that it would be a possibility. Behaghel, Crépon, and Barbanchon (2015) study the effect of randomly anonymizing resumes received by employers on outcomes for minority workers. While they do not construct “tester” resumes as in a typical AC study, they note that language often signals race, ethnicity, or nationality on actual resumes.
The American Community Survey codes 169 Indigenous languages, plus Hawaiian and Hawaiian Pidgin. While most Indigenous people primarily speak English, Indigenous-specific languages are somewhat common: 26.8% of AIANs spoke a language other than English at home in 2014, compared to 21.2% nationally (U.S. Census Bureau, 2015). For those who identify as NHIP only, 30.3% of those who identify as NHIP and were born in the US speak a language other than English at home (U.S. Census Bureau, 2014b).  Since it is rare for individuals without Indigenous ancestry to speak an Indigenous language at home, this makes for a strong racial signal.
We assign languages to some, but not all, of the tribal groups. To determine which languages are spoken by which tribal groups, we used two approaches. The first was to determine the languages historically spoken by the tribe. The second was to determine which Indigenous languages are spoken by individuals who live on the Indian reservations associated with the tribe. While not all individuals from a tribe live on a reservation, this was the only approach for us to investigate language use by tribal group[footnoteRef:8]. [8:  Table 2 presents the languages we selected for each American Indian tribal group and the proportion of individuals who report speaking this language at home and live on the associated reservations. We do not assign a language for individuals from the Osage or Blackfeet tribes since Indigenous language use by this tribe is very low (less than 1% for Osage) or sufficiently uncommon (less than 10% for Blackfeet).
] 

Some issues need to be considered in using and interpreting this signal. Having the ability to speak an Indigenous language may viewed positively by employers, either because the language could be used on the job (but this is rare) or because it is a signal of ability. For example, employers may see people that speak a second language (Indigenous or not) as of greater ability because it is difficult to learn a second language, or individuals who learn a second language at home are seen as more productive for other reasons (e.g., they were raised by more active parents). On the other hand, speaking an Indigenous language may signal that the applicant is “more” Indigenous, either culturally or by ancestry, which may be disliked by discriminatory employers. It may also signal that the applicant has worse English skills even if it is made clear, as we do on the resumes, that both languages are spoken natively. Thus it is unclear if this language signal will be seen positively or negatively by employers, net of its effect as a race signal[footnoteRef:9]. [9:  To investigate this to some extent, we add a “control” language to 10% of the white resumes. We add the Gaelic language, which is a fairly uncommon language in the United States and one that is unlikely to signal that the applicant might have worse English skills since English is nearly universal in Ireland and the United Kingdom.
] 

Using first names is a natural way to signal minority status in AC studies. This approach is obvious and near perfect for gender, but signaling race by name is more complex. For race, names are used to signal African-American status (e.g., Bertrand and Mullainathan, 2004), Arab, Muslim, or Middle Eastern descent (e.g, Rooth, 2010), Turkish or Moroccan descent (e.g., Baert and De Pauw, 2014), and Asian, Roma, Ashkenazi Jewish, African, Indian, and Pakistani descent, among others (Booth, Leigh, and Varganova, 2012; Fershtman and Gneezy, 2001; McGinnity and Lunn, 2011; Oreopoulos, 2011), and caste (e.g., Siddique, 2011).  Using names as a signal improves external validity since signaling minority status other ways (e.g., volunteer experiences) is less common, while names must be included. However, first names can signal socio-economic status in some cases, which some argue is the case in studies such as Bertrand and Mullainathan (2004).
We are able to signal race through first names for Native Hawaiians. We queried the United States Social Security Administration’s “Popular Names by State” database for the state of Hawaii.[footnoteRef:10] Among the top 100 names for boys born in 1985-1987 (corresponding to around age 30) we use three Native Hawaiian names: Kekoa, Ikaika, and Keoni.  Among the top 100 names for girls we use Maile.[footnoteRef:11] We confirmed that these names were Native Hawaiian through various sources[footnoteRef:12]. When using first name as a racial signal we randomly assign one of these names randomly, conditional on gender. [10:  See https://www.ssa.gov/cgi-bin/namesbystate.cgi (accessed November 8, 2016).
]  [11:  Malia also appeared on this list for girls, but we avoid using this name in case it sends a different signal given that this is the name of the President Obama’s daughter. We also did not use Alana since it is also a name of Irish origin. We opted not to use Leilani as there was some evidence that this name is common for those who are not Native Hawaiian as well.]  [12:  These sources were “allbabynames.net”(see, e.g., http://www.allbabynames.net/index.php?query=Kekoa), http://babynames.allparenting.com/US/States/Hawaii_A_Baby_Name_Paradise/, https://en.wiktionary.org/wiki/Appendix:Hawaiian_given_names, http://www.behindthename.com/names/usage/hawaiian, and http://www.alohafriends.com/names_traditional.html (all accessed November 13, 2016). All names appear in each source, except Maile does not appear for the last source, however we are still confident in this name.
] 

 We do not use first names to signal race for Alaska Natives or Native Americans because there is little information on first names for these populations. For example, there is no Census or Social Security Administration tabulation of first names by race (Tzioumis, 2015) and the information online about Indigenous-specific first names is spotty. Furthermore, no Alaska Native-specific names appear in the Social Security database in Alaska for the years 1985-1987.
While there is limited information on first names by race, there is some data for last names by race. To find Indigenous-specific last names we use tabulations from the 2000 Census of the racial composition of each last name, for last names that occurred at least 100 times.[footnoteRef:13] The tabulations provide a list of 151,671 last names. For each last name, there is an estimate of the number of people per 100,000 people with this last name and the proportion of people with this name that identify as a particular race. Unfortunately, these data do not include the proportion for AIAN in combination (there is just a “two or more races” category). These data also do not include the proportion who are NHIP, and any Native Hawaiian last names that occur for those who identify as “Asian and Pacific Islander only” are not very common.[footnoteRef:14] Thus we are unable to use last names to signal that applicants are Native Hawaiian. [13:  See http://www2.census.gov/topics/genealogy/2000surnames/names.zip (accessed June 25, 2016).
]  [14:  For example, one of the more popular Native Hawaiian last names, Kealoha, only had 911 occurrences. ] 

For those who identify as AIAN only, AIAN-specific last names are not common but they are also not unusual. There are 268 last names where at least 80% of those with that name identify as AIAN only.  Further, 5.5% of individuals who identify as AIAN only have one of these 268 last names[footnoteRef:15]. A broader list of names, where at least 30% of those with the name identify as AIAN only, has 660 names, and 11.0% of those who identify as AIAN only have one of these 660 names. [15:  This is calculated by taking the number of people with that name per 100,000 people and multiplying it by the share that identify as AIAN only to create an estimate of the number of people per 100,000 with that last name that identify as AIAN. Using the 80% criteria for AIAN-specific names, 3,326 people per 100,000 identify as AIAN only and have an AIAN-specific last name, compared to 56,790 people per 100,000 who identify as AIAN only and do not have an AIAN-specific last name.
] 

Since AIAN-specific last names are not unusual, we consider them as one of the racial signals that we use in some cases. To determine appropriate last names, we first extracted a list of 38 AIAN-specific last names that had at least 0.1 people per 100,000 with that last name and appeared on the smaller list of 268 last names (80% AIAN only criteria)[footnoteRef:16]. Information on the tribal affiliation of most of these names was sparse. Information on Ancestry.com[footnoteRef:17], for example, only allowed us to identify four of the 38 names as being tribe or language specific, in this case Navajo. These were Begay (5.96 people per 100,000, 94.98% AIAN only), Yazzie (5.16, 96.10%), Benally (1.87, 95.99%) and Tsosie (1.80, 96.23%). We were also able to confirm from other sources that these four names were Navajo, but it was not possible to confirm the origin of the other names with enough certainty.[footnoteRef:18][footnoteRef:19] [16:  This list and the calculations used to derive it are available from the authors upon request.
]  [17:  See, e.g., http://www.ancestry.com/name-origin?surname=begay (accessed October 30, 2016).
]  [18:  Our primary source was http://tribalemployee.blogspot.com/2013/03/navajo-last-names.html (accessed June 25, 2016) which lists several Navajo last names and their meanings. While this list identified at least ten other names on our list of 38 as being Navajo, we could not sufficiently corroborate this with other sources. We also found many other sources through a web search that confirmed that Begay, Yazzie, Benally, and Tsosie were Navajo.
]  [19:  It could be possible to assign some Native American last names regardless of tribal group. These are last names such as “Whiteeagle” (0.16 per 100,000 people) or “(Fast/Yellow/White)horse” (0.14 each). But these names lack external validity since they are not particularly common.] 

There are costs and benefits to this last name signal. Last names have the benefit of being a natural signal, since one cannot realistically put a different last name on the resume, but one could refuse to disclose relevant experience or skills that signal Indigenous status (e.g., the volunteer or language signals, discussed earlier) or applicants may re-phrase the experience in attempts to obscure racial signals. However, it may be less likely that employers understand that these are Native American last names, relative to, say, understanding African-American first names.[footnoteRef:20] This makes this last name signal weaker. [20:  We plan to conduct some surveys both of students and of a more population-representative sample (e.g., via Qualtrics) to gauge perceptions of these names.] 

Another issue with using last names as a signal of race is that they are a weaker signal for women since the last name may be taken from her spouse. This is especially an issue given the increase in interracial marriages after the 1970s (Fryer 2007). Thus, if discrimination against Native American women occurs less than for men, using last name as the only signal, then this suggests that discrimination is weaker for women and/or that this is a weaker signal of race for women.  In contrast, using Native Hawaiian first names only as a signal may present a different set of implications: a Native Hawaiian first name and a non-Native Hawaiian last name (although Native Hawaiian last names appear uncommon) my imply applicant multi-raciality, it may separately or additionally imply interracial marriage for female applicants, or it may simply imply that a non-Native Hawaiian was given a reasonably prevalent and popular Hawaiian name.
When we don’t use last name to signal race we randomly assign one of the last names used in Neumark, Burn, and Button (2015) which were taken from Social Security Administration tabulations of popular last names by birth year.
We assign half of the Native American applicants (50% probability) to have grown up on an Indian reservation rather than in the urban center. This is signaled through having graduated from a high school on an Indian reservation, rather than a local high school, and sometimes with the first job after high school being on an Indian reservation instead of in the local city. This reservation signal is only possible for tribes with an associated Indian reservation. We consider seven Indian reservations: Navajo Nation (Navajo tribe), Fort Apache (Apache), San Carlos (Apache), Blackfeet Nation (Blackfoot), Tohono O’odham (Tohono O’odham), Pine Ridge (Oglala Lakota), and Osage Nation (Osage). These fall within the top ten most populous reservations (Norris et al., 2012).
To assign non-reservation high schools, we randomly assign one of two to four that are local to the city, collected for Neumark, Burn, and Button (2015) and Neumark, Burn, Button, and Chehras (2016).[footnoteRef:21] We compiled a list of high schools on Indian reservations and selected one to three high schools per reservation, depending on availability. We specifically selected high schools with names that were a stronger signal that the high school was located on an Indian reservation, as a way to ensure that this signal was not weak. We also specify the location of the high school as “City, Reservation Name, State.” [21:  These schools are ones that have been around for a while and that do not signal any particular race or ethnicity (e.g., no historically black schools).] 

For half of the Indigenous applicants with a reservation upbringing, we have their first job out of high school (the least recent job, Job 3 as in Figure 1) listed on the resume as having been on the reservation, while the other have a local job. In addition to possibly strengthening the reservation signal, the on-reservation work experience is realistic for many Indigenous people who grew up on an Indian reservation and later migrated to a city. Since we randomize the addition of this on-reservation work experience, we can identify if this has any independent effect beyond the location of the high school (reservation or local).

Specification and Expected Outputs


Primary Analyses

These analyses will be conducted using either conditional group means (e.g., mean callback rate for White applicants vs. mean callback rate for Native American applicants) or a probit model similar to the following specification:

Callbacki = 

Here, Indigenous is 1 for Indigenous applicants and 0 for White applicants and Reservation is 1 for Indigenous applicants with signals that they came from a reservation and 0 for applicants who do not have this signal.  Controls represents a vector of controls, including:

· Main Controls:
· Employment Status (Employed vs. Unemployed)
· Skill (High vs. Low) by Occupation
· Female
· Sending Order
· Graduation Year (Differs by one year)
· Volunteer Experience (Big Brothers & Big Sisters, Boys & Girls Club, food bank)
· City

· Secondary Controls:
· Resume Naming Style
· E-Mail Script
· E-Mail Format
· Script Subject
· Opening Line
· E-Mail Body
· Signature
· File Name Format
· Job #3 Start Month
· Job #3 to Job #2 Gap
· Job #2 to Job #1 Gap
· E-Mail Doman
· Voicemail Greeting
· Companies
· Volunteer Time Span in Months


Table 1 — Mean Differences in Callbacks

	Table 1 — Mean Differences in Callbacks

	
	
	
	

	
	
	White
	Indigenous

	All Jobs (N = x,xxx)

	Callback (%)
	No
	xx.xx
	xx.xx

	
	Yes
	xx.xx
	xx.xx

	Test of independence (p-value)
	xx.xx
	
	

	
Sales (N = x,xxx)

	Callback (%)
	No
	xx.xx
	xx.xx

	
	Yes
	xx.xx
	xx.xx

	Test of independence (p-value)
	xx.xx
	
	

	
Security (N = x,xxx)
	
	
	

	Callback (%)
	No
	xx.xx
	xx.xx

	
	Yes
	xx.xx
	xx.xx

	Test of independence (p-value)
	xx.xx
	
	

	
Janitors (N = x,xxx)
	
	
	

	Callback (%)
	No
	xx.xx
	xx.xx

	
	Yes
	xx.xx
	xx.xx

	Test of independence (p-value)
	xx.xx
	
	

	
Restaurant: Wait Staff (N = x,xxx)
	
	
	

	Callback (%)
	No
	xx.xx
	xx.xx

	
	Yes
	xx.xx
	xx.xx

	Test of independence (p-value)
	xx.xx
	
	

	
Restaurant: Cook/ Dishwasher/ Fast Food (N = x,xxx)
	
	
	

	Callback (%)
	No
	xx.xx
	xx.xx

	
	Yes
	xx.xx
	xx.xx

	Test of independence (p-value)
	xx.xx
	
	

	
	
	
	

	Notes: The p-values reported for the tests of independence are from Fisher’s exact test (two-sided). For the janitor resumes, only older resumes with commensurate experience are used.




Table 2a — Probit Estimates for White vs. Indigenous w/ Controls

This regression used the following specification:
Callbacki = 
	Table 2 — Probit Estimates for White vs. Indigenous w/ Controls

	
	
	
	
	
	

	
	All
	Sales
	Security
	Janitor
	Waitstaff
	Cooks
	Dishwasher

	Indigenous 
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Unemployed
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Low Skill
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Female
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Sent Second
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Graduation Year (Younger)
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Big Brothers & Big Sisters
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Boys & Girls Club
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Food Bank
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Albuquerque
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Anchorage
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Billings
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Chicago
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Honolulu
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Houston
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Los Angeles
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	New York
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Oklahoma City
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Phoenix
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Sioux Falls
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Observations
	x.x
	x.x
	x.x
	x.x
	x.x
	x.x
	x.x

	Clusters
	x.x
	x.x
	x.x
	x.x
	x.x
	x.x
	x.x

	Notes: Marginal effects are reported, computed as the discrete change in the probability associated with the dummy variable, evaluating other variables at their means.  Standard errors are computed based on clustering at the resume level.  Significantly different from zero at 1-percent (***), 5-percent (**), or 10-percent level (*).  Resume features include the secondary controls noted above.





Table 2b — Probit Estimates for White vs. Indigenous w/ Additional Secondary Controls

This regression used the following specification:
Callbacki = 
	Table 2b — Probit Estimates for White vs. Indigenous w/ Additional Secondary Controls

	
	
	
	
	
	

	
	All
	Sales
	Security
	Janitor
	Waitstaff
	Cooks
	Dishwasher

	Indigenous
(from table 2a)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Unemployed
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Low Skill
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Female
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Sent Second
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Graduation Year (Younger)
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Big Brothers & Big Sisters
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Boys & Girls Club
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Food Bank
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Albuquerque
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Anchorage
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Billings
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Chicago
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Honolulu
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Houston
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Los Angeles
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	New York
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Oklahoma City
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Phoenix
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Sioux Falls
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X
	X

	Resume Naming Style
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	E-Mail Script
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	E-Mail Format
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Script Subject
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Opening Line
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	E-Mail Body
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Signature
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	File Name Format
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Job #3 Start Month
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Job #3 to Job #2 Gap
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Job #2 to Job #1 Gap
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	E-Mail Domain
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Voicemail Greeting
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Companies
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Volunteer Time Span (Mos.)
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X
	
	X

	Observations
	x.x
	x.x
	x.x
	x.x
	x.x
	x.x
	x.x

	Clusters
	x.x
	x.x
	x.x
	x.x
	x.x
	x.x
	x.x

	Notes: Marginal effects are reported, computed as the discrete change in the probability associated with the dummy variable, evaluating other variables at their means.  Standard errors are computed based on clustering at the resume level.  Significantly different from zero at 1-percent (***), 5-percent (**), or 10-percent level (*).  Resume features include the secondary controls noted above.




Table 3a — Probit Estimates for White vs. Indigenous vs. Indigenous from Reservation

This regression used the following specification:


	Table 3a — Probit Estimates for White vs. Indigenous vs. Indigenous from Reservation

	
	
	
	
	
	

	
	All
	Sales
	Security
	Janitor
	Waitstaff
	Cooks
	Dishwasher

	Indigenous
(from table 2a)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Native American
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Alaska Native
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Native Hawaiian
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Reservation
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Reservation x Reservation Job
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Rural
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Rural x Rural Job
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	
	
	
	
	
	
	
	

	Notes: Marginal effects are reported, computed as the discrete change in the probability associated with the dummy variable, evaluating other variables at their means.  Standard errors are computed based on clustering at the resume level.  Significantly different from zero at 1-percent (***), 5-percent (**), or 10-percent level (*).  Resume features include the secondary controls noted above.





Table 3b — Probit Estimates for White vs. Indigenous vs. Indigenous from a Reservation


	Table 3b — Probit Estimates for White vs. Indigenous vs. Indigenous from a Reservation

	
	
	
	
	
	

	
	All
	Sales
	Security
	Janitor
	Waitstaff
	Cooks
	Dishwasher

	Indigenous
(from table 2a)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Native American
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Alaska Native
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Native Hawaiian
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Reservation 
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Blackfeet Indian Reservation and Off-Reservation Trust Land, MT
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Fort Apache Reservation, AZ
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Navajo Nation Reservation and Off-Reservation Trust Land, AZ-NM-UT
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Osage Reservation, OK
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Pine Ridge Reservation, SD-NE
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	San Carlos Reservation, AZ
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Tohono O’odham Nation Reservation and Off-Reservation Trust Land, AZ
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Reservation x Reservation Job
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Rural
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Rural x Rural Job
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	
	
	
	
	
	
	
	

	Notes: Marginal effects are reported, computed as the discrete change in the probability associated with the dummy variable, evaluating other variables at their means.  Standard errors are computed based on clustering at the resume level.  Significantly different from zero at 1-percent (***), 5-percent (**), or 10-percent level (*).   Resume features include the primary controls noted above.



Table 4 — Probit Estimates for Gender


This regression used the following specification:


	Table 4 — Probit Estimates for Gender

	
	
	
	
	
	

	
	All
	Sales
	Security
	Janitor
	Waitstaff
	Cooks
	Dishwasher

	Indigenous
(from table 2a)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Female
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Female
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	
	
	
	
	
	
	
	

	Notes: Marginal effects are reported, computed as the discrete change in the probability associated with the dummy variable, evaluating other variables at their means.  Standard errors are computed based on clustering at the resume level.  Significantly different from zero at 1-percent (***), 5-percent (**), or 10-percent level (*).  Resume features include the primary controls noted above.




Table 5 — Probit Estimates by City

This regression used the following specification (note that for Los Angeles, Indigenous x City is additional interacted with either Native American or Native Hawaiian):


	Table 5 — Probit Estimates by City

	
	
	
	
	
	

	
	All
	Sales
	Security
	Janitor
	Waitstaff
	Cooks
	Dishwasher

	Indigenous
(from table 2a)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Albuquerque
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Anchorage
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Billings
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Chicago
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Honolulu
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Houston
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Los Angeles x N.A.
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Los Angeles x N.H.
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	New York
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Oklahoma City
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Phoenix
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Sioux Falls
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Signal Type
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	
	
	
	
	
	
	
	

	Notes: Marginal effects are reported, computed as the discrete change in the probability associated with the dummy variable, evaluating other variables at their means.  Standard errors are computed based on clustering at the resume level.  Significantly different from zero at 1-percent (***), 5-percent (**), or 10-percent level (*).  Resume features include the primary controls noted above.




Table 6 — Probit Estimates for Signal Types

This regression used the following specification:


	Table 6 — Probit Estimates for Signal Types

	
	
	
	
	
	

	
	All
	Sales
	Security
	Janitor
	Waitstaff
	Cooks
	Dishwasher

	Indigenous
(from table 2a)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Volunteer
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Language
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x First Name
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Last Name
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Volunteer x Language
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Volunteer x First Name
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Volunteer x Last Name
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Language x First Name
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Language x Last Name
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Language x Volunteer x First Name
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Indigenous x Language x Volunteer x Last Name
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	Irish Gaelic
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)
	x.x (x.x)

	
	
	
	
	
	
	
	

	Notes: Marginal effects are reported, computed as the discrete change in the probability associated with the dummy variable, evaluating other variables at their means.  Standard errors are computed based on clustering at the resume level.  Significantly different from zero at 1-percent (***), 5-percent (**), or 10-percent level (*).  Resume features include the primary controls noted above.





Neumark (2012) Correction for the Variance of Unobservables


AC studies suffer from the “Heckman critique” (Heckman, 1998; Heckman and Siegelman, 1993). The critique is that while AC studies control for average differences in observable characteristics (what is included on the resume) discrimination estimates can still be biased through the variance of unobservable characteristics (what is not seen on the resume). Neumark (2012) shows how this can occur using a model of hiring decisions, which we summarize very briefly here following the notation of Neumark, Burn, and Button (2016).
Assume that productivity depends linearly and additively on two characteristics: observable (on the resume) characteristics, which are denoted XI and unobservable characteristics (not on the resume), which are denoted as XII. Let N denote Indigenous (“Native”) applicants and let W denote white applicants. AC studies standardize XI to be the same for N and W at some level XI*, such that XIN = XIW = XI*. Let  be an additional linear, additive, term that reflects discrimination against Indigenous Peoples. This term can either reflect taste discrimination, where the productivity of Indigenous Peoples is undervalued, or statistical discrimination, where firms believe that the average unobservable characteristics are different between groups (i.e. that E(XIIN)  E(XIIW)). AC studies seek to estimate  as a linear function of XI and an indicator for race (N). 
Applicants are given an interview (T = 1) if their expected productivity exceeds a threshold, c: 



If XIIN and XIIW are normally distributed with means of zero and standard deviations of IIN and IIW, respectively, then the interview offer probability is


.

The Heckman critique arises because it is not possible to identify  unless the ratio between IIN and IIW is known. 
To understand why, suppose that Indigenous people have a larger variance of unobservables (i.e. IIN > IIW). This is likely the case as evidence suggests that other racial minorities also have a larger variance of unobservables (e.g, Neumark, 2012). For firms that require very productive workers (c is high), and the standardized observables on the resumes are of a somewhat low quality, then the larger variance for Indigenous applicants means that they are more likely to pass this high standard than White applicants. This negatively biases the estimate of . This bias becomes more positive when the interview standard is lowered, or the observables are standardized at a higher level. Regardless, the estimate of  is a function of the ratio of IIN to IIW, and to the level of standardization of the observables (XI*).
Neumark (2012) develops a method to address this by using different quality standardizations that are introduced when quality features are added to the applicants. This allows  to be identified under the assumption that 1 is equal for Indigenous and white applicants. Neumark (2012) also shows that if there are multiple quality features that are added, then there is an over-identification test that can be used to test this assumption.
Here, we explain how we generate applicants of different quality levels for each job for which we apply.  Any resume or applicant feature that shifts the quality of the resume, in the eyes of the employer, can be used in the Neumark (2012) correction. Of course one can randomly add quality features using resume randomization tools (Lahey and Beasley, 2016, 2009) and then let the data “speak” about what features, according to the employer, boost quality (Lahey and Beasley, 2016). But we feel that it is important to deliberately include some quality features beforehand that researchers believe are likely to matter in order to ensure that there is enough variation in applicant quality in order for this correction to work. This is crucial since the Neumark (2012) correction requires significantly more power than the standard, uncorrected, analysis.
In this experiment we make half of the applicants high quality, and half of low quality, by assigning four out of five quality elements to the high quality applicants. So as not to take identifying variation away from the major resume types, we assign either all resumes within a set sent to an employer to be high quality or low quality, but the randomly chosen quality elements (four out of five) can vary between resumes sent to the same employer. Like Neumark, Burn, and Button (2015), we chose which quality elements to include based on what is commonly listed on actual resumes or in job applications. These five quality elements are fluency in Spanish as a second language, a more detailed cover letter, the lack of typos in the cover letter (that is, resumes without this “skill” have typos), and two occupation-specific skills. All high-skilled resumes randomly receive all but one of these skills. This allows for some variation in which skills are added.
For retail jobs, the occupation-specific skills are knowledge of programs used to monitor inventory (VendPOS, AmberPOS, and Lightspeed), and the ability to learn new programs, and experience with Microsoft Office applications. For janitor, this is a certificate in using particular machines and a certification in janitorial and cleaning sciences. For security, this is CPR and First Aid and stating that they are licensed in their state. For wait-staff, this is CPR and First Aid and experience with point-of-service (POS) software used in food service. For cook, this is CPR and First Aid and a certificate or training in food safety. Examples of all these skills are shown on the resume examples in Appendix 1.
Of course, not all added quality features will have a positive effect[footnoteRef:22], and some other randomly added features (e.g., certain employers, template styles) may have positive or negative effects. Neumark (2012) shows the iterative process used to select from among the resume features the ones that can be used in the Neumark (2012) correction. This mirrors the process outlined in Lahey and Beasley (2016) for letting the data “speak” about which features actually matter. [22:  For example, Spanish, a college degree, and the occupation-specific skills often boosted interview rates in Neumark, Burn, and Button (2015), while adding typos to the resume (missing periods or commas), volunteer experience, and employee of the month awards did not have positive effects, sometimes having negative ones. Lahey and Beasley (2016) also discuss a similar issue for typos. These differential results by quality element prompted us to choose some different quality elements.] 


	Table 7 — Probit Estimates for Callbacks by Race, Native Americans versus Whites

	
	
	
	
	

	
	Sales
	Security
	Janitor
	Restaurant

	Native American (NA)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	Common skills
	
	
	
	

	Spanish
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	Spanish x NA
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	Grammar
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	Grammar x NA
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	Volunteer
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	Volunteer x NA
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)




	Table 8 — Heteroscedastic Probit Estimates for Callbacks by Race
(Corrects for Potential Biases from Difference in Variance of Un-observables)

	
	
	
	
	

	
	Sales
	Security
	Janitor
	Restaurant

	Panel A. Probit Estimates

	Native American
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	Panel B. Heteroscedastic probit estimates

	Native American
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	
	

	Over-identification test: ratios of coefficients on skills for old relative to young are equal (p-value)
	x.xxx
	x.xxx
	x.xxx
	x.xxx

	Standard deviation of un--observables, Native Americans/ White
	x.xxx
	x.xxx
	x.xxx
	x.xxx

	Test: ratio of standard deviations = 1 (p-value)
	x.xxx
	x.xxx
	x.xxx
	x.xxx

	Native American-level (marginal)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	Native American-level (marginal)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)
	x.xxx (x.xxx)

	Observations
	x.xxx
	x.xxx
	x.xxx
	x.xxx

	Notes: Marginal effects computed as the change in the probability associated with Native American using the continuous approximation, evaluating other variables at their means; the continuous approximation yields an unambiguous decomposition of the heteroscedastic probit estimates. P values are based on Wald tests. See notes to Tables 1 and 2.

*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.




“Scraping” Job Ads to See What Job Features Correlate with Discrimination
Appendix
Figure 1 – Triplet of Applications (Navajo Applicants, Jobs in Phoenix)
[image: ../../../Downloads/IndigenousExperimentDesignSept2016-2.pdf]
Table 1 - Summary of Possible Racial Signals by Indigenous Group
	
	Signals of Indigenous Status
	

	Indigenous Group
	Volunteer
	Language
	Last Name
	Indian Reservation 

	
	Experience
	
	
	Possible (Type C)

	Navajo
	X
	X (Navajo)
	X
	X

	Apache
	X
	X (Apache)
	
	X

	Blackfeet
	X
	
	
	X

	Tohono O'odham
	X
	X (Pima)
	
	X

	Oglala Lakota
	X
	X (Lakota)
	
	X

	Osage
	X
	
	
	X

	Alaska Native
	X
	X (Yup’ik)
	
	

	Native Hawaiian
	X
	X (Hawaiian)
	
	




Table 2 - Non-English Languages and Indian Reservations
	Indian Reservation
	Tribal Group
	Population
	% Who Speak an “Other” Language
	Language Assigned

	Blackfeet Indian Reservation and Off-Reservation Trust Land, MT
	Blackfeet
	10,037
	8.1
	None

	Fort Apache Reservation, AZ
	Apache
	13,179
	54.4
	Apache

	Navajo Nation Reservation and Off-Reservation Trust Land, AZ-NM-UT
	Navajo
	161,009
	67.2
	Navajo

	Osage Reservation, OK
	Osage
	45,257
	0.7
	None

	Pine Ridge Reservation, SD-NE
	Oglala Lakota
	17,165
	22.8
	Lakota

	San Carlos Reservation, AZ
	Apache
	9,145
	33.9
	Apache

	Tohono O’odham Nation Reservation and Off-Reservation Trust Land, AZ
	Tohono O’odham
	9,154
	33.7
	Pima


Notes: “Other” language is a language other than English, Spanish, or an Indo-European or an Asian or Pacific Island language. The “Language Assigned” column corresponds to the language column in Table 1.
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