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Abstract: Most quantitative studies of U.S. inequality rely on single measures of race and do not
transparently describe them. However, inconsistencies between measures can yield conclusions
that differ both substantively and statistically. We ask: when faced with multiple ways to categorize
respondents, how should researchers choose? We conduct intersectional analyses of five inequality
outcomes, using the 1979 National Longitudinal Survey of Youth, which offers several measures of
self-identification and external classification. Strikingly, we find the survey’s screener race variable,
ubiquitous in prior research, is never empirically preferred based on model fit across outcomes
spanning the labor market (wages, salary, and unemployment), health (depression), and education
(school discipline). Instead, the top-performing measure varies by gender, outcome, and fit statistic.
The range of potential researcher decisions and the absence of a clear gold-standard highlights the
need for greater transparency and more thoughtful decision-making when researchers operationalize
race—whether racial categorization is central to the analysis or included primarily as a control
variable. To that end, we offer a roadmap of key considerations inequality researchers can consult
when designing their approach.

Keywords: racial classification; data disaggregation; survey measurement; transparency; repro-
ducibility; intersectionality
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N recent years, quantitative scholars have joined qualitative scholars in critiquing
the status quo of demographic and survey research as being reductive and
harmful in its understanding of inequality in general, and racial inequality, in par-
ticular. These concerns include inordinate attention to “group gap” and “deficit”
perspectives (e.g., Leicht 2008; Pattillo 2021) and a lack of attention to individual in-
tersectional experiences as well as structure and context (e.g., Brown and Hargrove
2013; Homan, Brown, and King 2021). Scholars across disciplines are also increas-
ingly calling for researchers to interpret results that indicate “race differences” as
originating not from individual characteristics but rather as speaking to relational
processes of racism and discrimination (e.g., Cross, Fomby, and Letiecq 2022; Zuberi
2001).

Among these growing critiques of standard statistical practice is a concern about
researchers’ overreliance on a single, static measure to represent the complexity of
how individuals identify themselves and are perceived by others in racial terms
(Wilson, Beachy, and Schumm 2025). Different measures of race produce both
different population counts and different conclusions about racial inequality (e.g.,
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Lépez and Hogan 2021; Saperstein 2006; Telles and Lim 1998; Vargas and Kingsbury
2016). Measures of race for the same individual can also vary over time, across
contexts, and by social status (e.g., Liebler et al. 2017; Roth 2016; Sosina and
Saperstein 2022; Villarreal and Bailey 2020). These results imply that inequality
researchers must be particularly careful not only in interpreting their findings but
also in choosing which measure, or measures, of race to use in the first place.

Yet consideration and use of multiple measures of race and/or ethnicity in
research remains rare, especially outside of specialty journals, such as Sociology of
Race and Ethnicity.! These omissions may result, in part, from inequality researchers
either not knowing that multiple measures are available in major surveys, not being
exposed to accessible examples of how to choose between these multiple options,
or both. We aim to close this knowledge gap in several ways: first, we identify
and demonstrate problems with the status quo of how race/ethnicity measures
are currently selected and operationalized; second, we outline a set of practices
that (a) makes the numerous operationalization decision points explicit and (b)
encourages researchers to transparently justify and explain their decisions; overall,
we seek to advance conversation within the discipline about how to put existing
best-practice guidelines into more widespread use among all inequality scholars,
including novice and expert researchers alike.

To demonstrate limitations of the status quo and illustrate how different mea-
sures of race generate different conclusions, we extend previous research using the
1979 National Longitudinal Survey of Youth (Light and Nandi 2007), by considering
the amount of variation explained in each of five outcomes across three domains of
inequality, separately for women and men. We consider four different measures
of race, each operationalized using a range of approaches, yielding 29 different
specifications. We focus on the NLSY79 in part because of its influence on social sci-
ence research: it is one of the longest-running nationally representative longitudinal
surveys in the United States, and it has been cited in over 6,700 research articles (U.S.
Bureau of Labor Statistics n.d.-a). However, the broader approach we outline is
relevant to other datasets that offer multiple measures of race, including the NLSY
1997 cohort, the National Longitudinal Study of Adolescent to Adult Health (Add
Health), the Portraits of American Life Study, and the New York City Longitudinal
Survey of Wellbeing. The differences in results we demonstrate here may also
inspire additional data collection using multiple measures of race/ethnicity in the
future.

In line with research on other surveys (e.g., Howell and Emerson 2017; Shiao
2019), we find there is no single best-performing measure or operationalization of
race across all of our inequality outcomes: the measures and classification schemes
that optimize the balance between model fit and parsimony differ by gender and
the fit statistic being used. There is, however, a clearly poor performing measure:
the NLSY79’s screener race variable, which is frequently used in prior literature,
but is never the best-performing option in any of our comparisons. Contrary to
common practice, we also find operationalization approaches that aggregate all
multiracial responses into a “two or more” category or that aggregate all Hispanic
responses into a single category (often overriding race responses) are rarely the best
fitting across our comparisons.
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Our results—both the lack of a clear “gold-standard” approach and the weak-
nesses of many existing practices—underscore the importance of transparency
in how researchers select, operationalize, and interpret their results in studies of
inequality. Calls for more transparency and reproducibility in social science re-
search have increased (Damian, Meuleman, and van Oorschot 2022; Freese 2007;
Moody, Keister, and Ramos 2022; Steegen et al. 2016) alongside calls for more criti-
cal approaches to measuring race/ethnicity. We unite these two conversations by
identifying the many sources of “researcher degrees of freedom” (Simmons, Nelson,
and Simonsohn 2011) when operationalizing race/ethnicity and demonstrating
how those decisions can have consequences for inequality research.

In highlighting these challenges, our findings also point to important opportu-
nities for future inequality research. When we incorporate multiple measures of
race simultaneously, our results emphasize the importance of including observed
race, which suggests that how people are perceived by others plays a key role in
perpetuating racial inequality in the United States. Our findings also support calls
for more intersectional approaches in quantitative inequality research (e.g., McCall
2005; Scott and Siltanen 2017). Although not all studies will be able to incorporate
each of these insights, we argue they are key considerations to weigh during both
study design and when interpreting results. Indeed, even if the differences in results
generated by different measures or operationalization approaches were small, the
value of establishing a strong theoretical justification for selecting measures, and
the value of a robustly transparent description of them that promotes replication,
offer important advances over the status quo on their own. However, in many
cases, the empirical differences we find are quite large, as measured not only by
improvements in model fit statistics but also by changes in substantive interpre-
tations. Altogether, our results point to the need for improving how researchers
justify their use of racial/ethnic measures, increasing transparency and generaliz-
ability, smoothing replication, and ultimately strengthening our understanding of
inequality producing processes.

Measuring Race: Transparency, Theory, and Empirical
Rigor

When reviewing papers that drew on NLSY79 data to study racial inequality, we
often found it difficult to determine which of the four available race/ethnicity
measures researchers used in their analyses. The NLSY79 is one of only a few major
U.S. surveys that includes multiple measures of race both at the same point in
time and across time: one calculated variable compiled from information gathered
during a 1978 screening interview, two self-identified race/ethnicity measures from
1979 and 2002, and the interviewer’s classification of the respondent across 17 years
of the survey until 1998. The NLSY79 User’s Guide recommends the initial screener
variable, in part because it was used to calculate the survey weights (U.S. Bureau
of Labor Statistics n.d.-b), and it is the only race/ethnicity variable included by
default in all data extracts. We presume many studies that draw on the NLSY79 and
incorporate race/ethnicity in their analyses follow suit and use this variable, though
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we could often only guess this information based on how many racial categories
the authors presented in their results. (As we describe in more detail hereafter, the
screener has just three categories, while the self-identification measures have 29
and six response options, respectively.) Even then, we found the three screener
race categories were often misleadingly labeled, with the “non-Black, non-Hispanic”
residual category renamed, simply, as “White.” The overall lack of transparency
was true regardless of whether racial disparities were the explicit focus of analysis
or whether race/ethnicity was treated simply as a control or confounding factor in
an analysis focused on something else.?

Practices such as omitting or eliding how race/ethnicity data were collected and
coded have been highlighted as a problem for several decades by academic journals
in genetic and biomedical fields (e.g., Kaplan and Bennett 2003; Mauro et al. 2022).
Many journals and professional associations in those disciplines have adopted
explicit guidelines for the reporting of race/ethnicity data that stress the need for
more precise language and transparency regarding data provenance, though the
presence of such guidelines on its own has not consistently translated into improved
published research (see e.g., Flanagin et al. 2023; Martinez et al. 2023). A recent
consensus report on the use of race/ethnicity in biomedical research published by
the National Academies of Sciences, Engineering, and Medicine further urges both
journal editors and funders to not only provide explicit guidelines for researchers
but also to generate more accountability to ensure compliance (Wilson et al. 2025).
Interestingly, even with the recent push for transparency and reproducibility in the
social sciences, similar efforts to codify standards for race/ethnicity reporting have
not been forthcoming.

To help fill this gap and provide best-practice guidance for social scientists study-
ing racial inequality, some quantitative researchers are beginning to unite under the
banner of “QuantCrit” (see e.g., Castillo and Gilborn 2023; Garcia, Lopez, and Vélez
2018). For scholars in this emerging tradition, best practice recommendations go
beyond basic calls for precision or transparency to encompass many of the existing
critiques of quantitative research on inequality noted previously. Our analyses build
on two QuantCrit principles, in particular: 1) race is not an inherent individual
characteristic but a proxy for the social experience of racialization and racism, and
2) racial categories are “neither ‘natural’ nor given” (Gillborn, Warmington, and
Demack 2018:158). Following the latter principle, we carefully attend to decisions
about category aggregation and specificity, aiming to balance potential concerns
about using either too many categories in analysis (and losing statistical power) or
too few (and obscuring meaningful heterogeneity).

A related line of scholarship extends from the first principle and highlights the
importance of conceptualizing race as multidimensional, with different aspects or
measures of race providing different results, in part because they are connected
to different inequality-producing processes (see, e.g., Roth 2016; Saperstein 2012).
For example, measures of ancestry or descent point to a different discriminatory
mechanism than measures of skin tone or how someone chooses to identify them-
selves. Multiple measures of race can also provide insight into the predictors and
consequences of racial identity contestation, or when one’s self-identification is not
validated by others (e.g., Vargas and Kingsbury 2016). This body of work highlights
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concerns about content or overall construct validity, stressing the need for carefully
theorizing which measure is most relevant for a given research question and, when-
ever possible, leveraging multiple measures in the same analysis to better explore
empirical complexity or test hypotheses about the role of race in (re)producing
inequality (e.g., Bailey, Saperstein, and Penner 2014; Monk 2016; Saperstein, Kizer,
and Penner 2016; Stepanikova and Oates 2016).

Scholars also have begun to consider how to choose the most appropriate clas-
sification scheme for a given measure of race. These choices can be motivated by
theoretical questions, such as the nature of the racial hierarchy in the United States
(e.g., Guluma and Saperstein 2022), or empirical ones, such as how best to incor-
porate Hispanic respondents, multiracial respondents, people who select “other”
and write-in responses, or people who change their self-identification over time
(e.g., Howell and Emerson 2017; Shiao 2019, 2023; Wong et al. 2024). Collectively,
this research highlights criterion evidence for validity (using both concurrent and
predictive approaches) and suggests not only that it “matters how you measure”
but also that the best classification scheme can differ by the outcome of interest.
In combination with the research on race as multidimensional noted earlier, this
growing body of work implies there is not a single gold-standard measure or
operationalization of race that researchers can rely on for all purposes.

The recent emphasis on careful measure selection in race scholarship echoes
more general calls for attention to researcher decision-making in quantitative social
science research. Multiverse analysis, springing out of the open science move-
ment towards transparency and reproducibility, recognizes the “garden of forking
paths” that confronts researchers with many plausible choices in data processing
and analysis, including the operationalization of variables and specification of
models (Steegen et al. 2016).% Together, these sets of choices produce a theoretical
“multiverse” of data sets, analyses, and outcomes. Given that many alternative
specifications may all be reasonable, choosing just one can be arbitrary. To evaluate
robustness, multiverse analysis recommends constructing multiple versions of the
dataset under study by implementing all versions of reasonable and defensible data
processing choices (e.g., Mufioz and Young 2018b). We share the goal of bringing
transparency to the many “researcher degrees of freedom,” in our case those un-
derlying race/ethnicity measures. We also aim to connect the concerns of many
race scholars with those of various proponents of multiverse analysis (e.g., Engzell
and Mood 2023), revealing both existing blind spots and fruitful areas of future
research.

Only one other published paper explicitly considers the relative performance of
different measures of race in the NLSY79. We follow Light and Nandi (2007) and,
like them, we examine racial wage disparities. However, Light and Nandi (2007)
limited their comparisons of different classification schemes to the screener race
variable and the two measures of self-identification. We extend their research by
including the interviewer’s racial classification of the respondent, testing combina-
tions among the measures, and considering model performance based on penalized
model fit statistics, which account for parsimony. We also examine other outcomes
beyond wages and add an intersectional lens (see Collins 2015), splitting the sample
by binary gender to examine whether the best measures differ between women and
men. These additions prove to be important for our conclusions.
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Data and Methods

The National Longitudinal Survey of Youth 1979 (NLSY79) was fielded annually
from 1979 to 1996, then every other year through the present, yielding 29 waves of
data to date. The NLSY79 covers a wide range of topics, including employment
and assets, education, health, family background, attitudes, and more, making it
broadly relevant to studies across the social sciences. The sample comprises 12,686
respondents aged 14-22 at the first interview and aged 41-50 in 2006, which was
the last year of data in our analyses. Sample sizes for our analyses, which we
conduct separately by gender, range from 3,554 to 6,403 depending on the outcome
of interest.*

Outcome Variables: Three Domains of Inequality

We analyze how well each racial/ethnic measure performs on five outcomes that
span three domains of inequality: the labor market (wages, salary, and unem-
ployment), health (depression), and education (school discipline). We chose these
outcomes to give both breadth (three different inequality domains) and depth (three
labor market measures) of insight into racial inequality. The NLSY79 was originally
devised to study labor market transitions, so we draw the majority of our outcomes
from that domain; however, each of these outcomes is featured in at least one
published article using NLSY data to study racial inequality (e.g., Chen and Tung
2024; Cheng 2016; Ramey 2018; Ritter and Taylor 2011; Weisshaar and Cabello-Hutt
2020).

Much like the race/ethnicity measures, there are many ways to operational-
ize the outcome variables. We provide brief summaries of our approaches here,
with full details available in the replication package. Wages are measured as log
mean hourly wages for 2002-2006; salary is measured as log mean annual salary
for 2002-2006.> The unemployment outcome is measured as the mean annual
percent of weeks unemployed from 2002-2006.° Depression is measured as respon-
dents’ scores on the seven-item Center for Epidemiologic Studies Depression Scale
(CES-D), measured at age 40; higher scores indicate more and/or more frequent de-
pression symptoms (Radloff 1977; Ross and Mirowsky 1989). School discipline is a
dichotomous variable indicating whether the respondent had ever been suspended
or expelled from school by 1980.

Our analysis of these outcomes can be seen as providing one type of evidence,
specifically criterion evidence, toward more holistic assessments of measurement
validity for the available race/ethnicity measures. We do not see criterion evidence
as the only or even the most important consideration for determining overall
construct validity, in line with contemporary validity theory (American Educational
Research Association, American Psychological Association, and National Council
on Measurement in Education 2014; Sireci 1998). Rather, we present criterion
evidence—both concurrent (i.e., estimating outcomes at the same point in time)
and predictive (i.e., estimating associations with future outcomes)—to illustrate
that it cannot be the primary consideration researchers weigh when designing their
studies, in part because our multi-approach and multi-outcome analyses do not
point to a single “gold standard” measure. Relative to self-identification recorded in
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2002, our analysis provides roughly concurrent criterion evidence, in part because
choosing outcomes for later years would result in smaller sample sizes due to
attrition. Relative to the measures of race recorded earlier in the survey (e.g., the
1978 screener), our analysis provides predictive criterion evidence that speaks to
overall construct validity.

Measuring Race and Ethnicity in the NLSY79

The NLSY79 offers four measures to describe respondents’ race/ethnicity. Here,
we describe each of the variables available to researchers; in the next section, we
outline the many decisions researchers must make to operationalize them and how
we approached these choices.

The first race/ethnicity measure is the 1978 screener variable recommended in
the user’s guide. This variable has three categories: Black, Hispanic, and non-Black,
non-Hispanic, which were assigned to respondents based on a combination of
factors (Bureau of Labor Statistics n.d.). These factors included coding race “by
observation,” father’s race, inquiring about the ethnicity of household members
aged 14 and above, language spoken at home, and whether the family surname
appeared on a Census Bureau list of Spanish surnames. This mix of criteria produces
a race/ethnicity variable that lacks content or face validity, making it theoretically
problematic to interpret, and many researchers may not be aware of this context. As
an example of the idiosyncratic choices built into this variable, interviewers were
directed to code Filipino descent as Hispanic, while the U.S. census has categorized
Filipino Americans as Asian since 1977. Further, many researchers treat the “non-
Black, non-Hispanic” category as “White,” which is misleading given the diversity
of the sample.

The second race/ethnicity measure is a self-identification measure collected
in 1979. Respondents were shown a list of 28 responses and asked to identify
their “origin or descent,” with “American” and “None” coded by interviewers
if the respondent volunteered those answers. Respondents could select up to six
responses from these 30 categories.

The third race/ethnicity measure is a self-identification measure collected in
2002. Respondents selected all that applied from options that mirror the 2000
Census categories: White, Black or African American, Asian, Native Hawaiian or
Other Pacific Islander, American Indian or Alaska Native, and some other race.
A separate question collected data on self-identified Hispanic, Latino, or Spanish
origins.

The fourth measure is based on interviewer observation. At the end of each
interview from 1979-1986 and 1988-1998 (17 survey waves), interviewers marked
their observation of whether the respondent was Black, Other, or White. Inter-
viewers were given no instructions on how to record these categories. From a
theoretical standpoint, these classifications reflect externally appraised race after an
in-person interaction, offering a different type of information compared to the self-
identification questions (Roth 2016). They also account for fluctuation in observed
race over time, as a respondent may be classified in one category in some survey
waves, but a different category in others (see Saperstein and Penner 2012).
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Table 1: Operationalization decisions for race/ethnicity measures.

Decision Point Examples
Metric Categorical
Continuous

Hispanic responses

Combine with “race” variable

Separate “ethnicity” variable
Dichotomous flag for pan-Hispanic identity
Categorical measure for separate national origins

Multiracial responses

Exclusive “multiracial” group
Series of non-exclusive dichotomous variables
With or without dichotomous flag for multiracial

Aggregation

To a minimum sample size per category

Based on theoretical assumptions (e.g. geography)
Until empirical tests detect group differences
Cluster analysis

These four measures could be seen as proxies for the same underlying construct—
e.g., a person’s racialized relational position in a society founded on white supremacy
(see Vincent 2026)—which capture the same concept with differing amounts of mea-
surement error, or the different types of measures represented—i.e., self-identified
origin or descent, self-identified race, and interviewer observed race—could be seen
as each reflecting theoretically separate aspects of the “bundle of sticks” (Sen and
Wasow 2016; cf. Roth 2016) that comprises an individual’s racialized experiences.
Our empirical analyses cannot speak directly to these debates, in part because a
thorough assessment of measurement error that can distinguish between the pres-
ence of one or more constructs requires multiple measures of race that are each
measured at three or more points in time (see Blalock 1970 for a discussion). Never-
theless, we highlight that this remains an open question in the hope of inspiring
more comprehensive data collection in the future.

Analytical Approach

In addition to deciding which of the four race/ethnicity measures to use, and
whether to use just one or multiple, each measure requires researchers to make
numerous operationalization decisions. Table 1 summarizes key decision points
confronting researchers with examples of possible choices. Researchers must decide
on a metric for the measure: for example, the observed race measures can be a
continuous count or percentage of times a respondent is classified by interviewers
as Black, or a categorical variable for “always, ever, or never” classified as Black,
or a dichotomous variable for “ever” classified as Black. For the self-identification
measures, researchers must choose whether to combine Hispanic responses with
the race categories in various ways or to treat the Hispanic responses as indepen-
dent from the race responses (e.g., they might use one dichotomous variable for
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“Hispanic vs. non-Hispanic” and a different categorical variable representing the
race categories). For the measures that allow for multiple responses, researchers
must decide how to code respondents who selected multiple categories. For exam-
ple, researchers could generate a series of dichotomous variables for each category,
representing all the categories respondents selected in analyses, or researchers
could recode these responses into one “multiracial” category (see Forthal 2025 for
a review of multiracial categorization options). Finally, researchers must decide
if and how to aggregate categories. This is a particularly pressing question for
the self-identification 1979 measure, which contains 30 categories, many of which
have very small sample sizes. In response, researchers could establish a minimum
sample size per group and aggregate until reaching this minimum. They could
aggregate based on factors like regional geography (e.g., “European,” “Asian,” and
“Hispanic”) or use cluster analysis methods to assign groups based on similarities
on key outcome variables.

Operationalizing Race and Ethnicity Measures

Given the aforementioned considerations for operationalizing the race/ethnicity
measures, we test multiple specifications for each measure, as summarized in Table 2
and described in detail in the supplementary materials (see Appendix A in the
online supplement). To establish baselines, we also test three operationalizations of
the screener variable with different degrees of freedom: the original three-category
variable; a dichotomous variable comparing respondents coded as Black to everyone
else; and a dichotomous variable comparing respondents coded as Hispanic to
everyone else.

The specifications for the two self-identification measures constitute several
“families” of approaches: three for the 1979 measure or two for the 2002 measure.
Panel A of Table 2 lists each self-identification specification within the three fami-
lies. We devised these sets of approaches with several key considerations in mind.
First, we designed approaches that differ in their level of aggregation and thus the
number of necessary model parameters, to allow for direct comparison between the
measures. If we used them exactly as collected, the screener measure would require
the fewest parameters (two) and the 1979 self-identification measure would require
the most (29), making for an unequal comparison in model fit. Second, we designed
different specifications to account for the other operationalization decisions high-
lighted in Table 1. In all, these considerations result in 10 specifications for the 1979
self-identification measure and seven specifications for the 2002 self-identification
measure.

The first family of approaches aggregates the self-identification measures to cor-
respond to the 1978 screener categories. This helps us determine whether, holding
degrees of freedom constant, the two self-identification measures fit outcome data
differently—i.e., provide better or worse criterion evidence for validity—compared
to the screener variable. The second set of approaches approximates the 2000 Census
categories, allowing for more direct comparison between the two self-identification
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measures, which were collected at different times and with different question word-
ing. The third set is the most disaggregated version possible. This family is only
relevant for the 1979 self-identification measure, as the second family of approaches
already provides the most disaggregated version for the 2002 measure. Across
all approaches, categories with sample sizes below 25 for either women or men
are aggregated, as needed, into a residual category of all remaining race/ethnicity
responses.

Additional considerations for our specifications of the self-identification mea-
sures are highlighted in Table 1. Within each family of approaches, we compare:
different metrics, approaches to Hispanic responses, and approaches to multiracial
responses. We evaluate how mutually exclusive categorical versions compare to
non-mutually exclusive versions using a series of dichotomous variables. We also
test how including Hispanic origin responses in the mutually exclusive categorical
specifications performs compared to including Hispanic responses as a dichoto-
mous variable separate from the race variable. The latter allows respondents to
be identified with both a race category and a Hispanic origin simultaneously. The
operationalization of “multiracial” or “multi-origin” responses also varies across
approaches: in the mutually exclusive categorical specifications, respondents who
report multiple categories are grouped together into one category, while in the non-
mutually exclusive specifications, respondents are represented in every category
they report, with a value of one on the dichotomous variables of each category
selected.” In specifications structured around a categorical variable, a “missing” or
“noninterview” category is included. In specifications structured around a series of
dichotomous variables, “missing/noninterview” is the implied reference category
(i.e., respondents with zeros on all dichotomous variables).

Finally, for the interviewer-observed race measures, we devised three approaches
which result in nine total specifications (i.e., three for each of the response categories:
Black, Other, and White). For each observed race response, we constructed: 1) a set
of continuous variables for the percent of survey waves in which respondents were
coded in each category; 2) a set of categorical variables for the percent of survey
waves coded in each race category divided into deciles; and 3) a set of categorical
variables that indicates whether respondents were always, ever, or never coded
in a given category. Panel B of Table 2 lists the observed race specifications, and
Appendix A in the online supplement provides additional detail. All three observed
race approaches combine information across multiple years of data, reducing po-
tential measurement error from relying on any particular year (and thus decreasing
attenuation bias in our regression estimates). The second and third approaches
also allow for nonlinear relationships between observed race and the outcome(s) of
interest.

Single- and Dual-Measure Models

We begin the analyses by assessing each specification individually; fit statistics
from these analyses are available in the supplementary materials (see Appendix
B in the online supplement). Next, we analyze dual-measure models, using
two race/ethnicity measures concurrently. The analyses include the best-scoring
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operationalization of interviewer-observed race paired with the best-scoring self-
identification measure (from either 1979 or 2002). We chose this approach because
observed race and self-identification are theoretically distinct in terms of their as-
sociated inequality-producing mechanisms, suggesting they could jointly yield
complementary, rather than duplicative, information.

For all analyses, we take an intersectional perspective that examines whether
the empirically preferred race/ethnicity measures differ for women and men, and
how coefficients differ in direction, magnitude, and statistical significance across
gender. Existing research demonstrates the importance of accounting for inter-
sectional inequalities in the labor market (e.g., Browne and Misra 2003), health
(e.g., (Hankivsky 2012), and education (e.g., McDaniel et al. 2011), but there are
ongoing debates about how best to incorporate an intersectional approach with
quantitative methods (see Mahendran, Lizotte, and Bauer 2022 for a recent review).
At their most basic, these strategies can include using interaction effects, a series
of intersectional dummy variables, or split-sample analysis (see e.g., Ragin and
Fiss 2024; Scott and Siltanen 2017; Wilkes and Karimi 2024). We use split samples,
stratifying our regression models by binary gender, to allow for estimating model
fit statistics separately for women and men.

Evaluating Empirical Differences

Just as there are multiple decisions to make regarding how to operationalize a
given measure, there are multiple ways to demonstrate and/or assess the influence
of those decisions on empirical results. In addition to considering substantive
differences, and their theoretical implications, researchers can choose from a range
of statistical metrics, including differences in the amount of explained variation,
predictive accuracy, variability of results, and distribution of residuals. Statistical
packages and how-to guides for conducting “multiverse analysis,” in particular,
are increasingly available (Short et al. 2025; Young and Cumberworth 2025). We
focus here on common measures of model fit, or explained variance, for their
relative simplicity and accessibility to a wide range of audiences.® We use these fit
statistics for illustrative purposes rather than implying that model fit alone is the
most appropriate measure for researchers to consider in their decision-making.

We focus on two model fit statistics, the Akaike Information Criterion (AIC) and
the Bayesian Information Criterion (BIC), which allow us to compare the amount
of variance in the outcome of interest that is associated with each measure or
operationalization. Generally, AIC is interpreted as selecting the model that can be
expected to best predict future data using the existing data, while BIC is described
as choosing the true model from a set of alternatives (Aho, Derryberry, and Peterson
2014; Chakrabarti and Ghosh 2011; Vrieze 2012). AIC may be particularly well suited
to social science research, given that few social dynamics will be fully explained
by a set of variables in a regression model, undermining BIC’s assumption that the
true model is present in the set. Social scientists often use one or the other criterion
without an explicit rationale for their choice or use both without discussing how
they adjudicate between them.
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AIC and BIC scores are not directly interpretable; rather, they are useful for com-
parisons across models. A model with lower values on AIC or BIC is understood to
perform better compared to models with higher values. A difference of two or fewer
points is commonly interpreted as “weak” evidence of model difference (AIC and
BIC), four to seven (AIC) or two to six (BIC) is “positive” evidence, and a difference
of ten or more points (AIC and BIC) is very strong evidence that the lower-scoring
model is better, in terms of variance explained, than the higher-scoring model
(Burnham and Anderson 2004; Raftery 1995). Thus, when we find that a particular
approach is the “best-performing” model as measured by a particular fit statis-
tic, we interpret this as evidence that the race/ethnicity specification featured in
that model has greater criterion evidence for validity than the alternatives, for the
specific outcome and gender being analyzed.

When AIC and BIC disagree in our analyses (i.e., they indicate different models
perform best), we choose the model preferred by AIC, because our objectives
better match the theoretical aim of AIC. We do not expect that the “true” model
is present among our set of models, because we are only including race/ethnicity
measures as independent variables, so BIC is less well suited to our purposes. We
also are interested in predicting how well each model would perform in other
datasets, which aligns best with AIC’s principles. However, we present both
statistics for consideration, in part because, even when there is disagreement on the
best-performing model, AIC and BIC may agree on which are the worst, thereby
narrowing the set of empirically preferable options. As a robustness check, we
conducted K-fold cross-validation with K = 5 (Drdger, Pforr, and Miiller 2023;
Verhagen 2022) for all analyses and compared results to a constant-only benchmark
using the Root Mean Squared Error (RMSE). For interested readers, we also show
the R? and adjusted R? (for models with continuous outcomes) and McFadden’s
pseudo R? (for school discipline, which is coded as a binary outcome) alongside
the other fit statistics in the supplementary materials (see Appendix C in the online
supplement).’

Transparency and Reproducibility

Our analysis demonstrates tools to aid in the movement toward transparency
and reproducibility in the social sciences. At its core, the process we model here
encourages scholars to think carefully about which measures they use, how the
data were generated, how the measures map onto theoretical concepts, and how to
operationalize them. As we described previously, and detailed in Appendix A in the
online supplement, even after choosing a given measure or measures, scholars must
make many operationalization decisions in order to analyze race/ethnicity data.
We aim to make these considerations visible in our own work, encouraging more
transparency in how such decisions are communicated in the future. Increased
transparency would enhance generalizability in two ways: 1) by clarifying to which
broader populations results can be applied and 2) by making replication easier, thus
improving comparability across studies.

The transparency and reproducibility literature also highlights concerns about
questionable research practices (QRPs), including model selection strategies, like
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p-hacking, that aim to maximize statistically significant results. These practices
thrive in secrecy and depend on concealment (Moody et al. 2022). In contrast, the
process we use for illustration focuses on model fit statistics, rather than p-values,
and better-scoring models do not reliably produce more statistically significant
coefficients. For example, in our analyses, the best model for men’s depression is
self-identification 2002 Approach 2c. That model yields two statistically signifi-
cant regression coefficients, while four alternative approaches yield three or more
statistically significant coefficients but are nevertheless lower performing overall,
according to AIC.'? To further increase transparency, we share code to reproduce all
the approaches and analyses, which can be adapted for a range of research purposes.
We encourage other scholars to transparently report which race/ethnicity measures
they use, how they operationalize them, and why.

Results

We begin by examining how the NLSY79 screener measure performs compared
to the alternative measures in each of our outcome-by-gender analyses, to assess
whether the frequently used default offers better criterion evidence for validity
than either its content or face validity might imply. We next turn to the results
for the single-measure models, which reveal whether certain approaches consis-
tently produce greater criterion evidence for validity, across outcome and gender.
Finally, we discuss the results of the dual-measure models and how they compare
to the single-measure models. We use these empirical analyses to demonstrate
limitations of the status quo, and how alternative approaches can improve both
analytical leverage and model fit. We also argue our results imply that researchers
cannot rely on empirics alone to determine preferred race/ethnicity measures and
operationalization schemes. We return to this point in the conclusion.

Performance of the 1978 Default Screener Measure

Table 3 summarizes the race/ethnicity measures that perform best for each in-
equality outcome separately for women and men, showing the difference in model
fit statistics between the screener variable and the best-fitting measure. First, we
find that the 1978 default screener variable never emerges as the best approach
for either women or men for any outcome. The fit differences range from 11 to 71
points better than the screener across gender, outcome, and fit statistic, with a mean
difference of 32 points, indicating a large empirical penalty from using the screener.
In fact, all three screener-based approaches (the default screener categories and the
dichotomized versions for Hispanic and non-Hispanic Black respondents) perform
among the worst measures on five of the ten outcome-by-gender AIC analyses
(see Appendix B in the online supplement for detailed model fit statistics).! Even
the most parsimonious dichotomous versions are at least 10 points worse than
the best-performing measure in 37 out of 40 possible comparisons (across the two
approaches, gender, outcome, and fit statistic),!? and they never come within three
points. The five-fold cross-validation results yield similar patterns: no screener mea-
sure ever produces the lowest RMSE, and screener measures produce RMSE metrics
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Figure 1: Men’s predicted unemployment rates. Source: National Longitudinal Survey of Youth 1979. Note:
N = 6,403. 95 percent confidence intervals. Unemployment rates are calculated based on the mean annual
percent of weeks unemployed from 2002-2006.

higher than the average in 15 of 30 gender-by-outcome tests.!® This is a primary
contribution of our analysis, highlighting that scholars would do well to consider
whether the other race/ethnicity measures, or a combination of them, would better
suit their theoretical aims and better approximate the empirical patterns in the data
than does the screener race classification.

To illustrate the potential for improved interpretation with alternative race/eth-
nicity measures, we compare results using the three-category screener measure and
the approach that offered the greatest improvement over the screener across all
models: self-identification 2002, Approach 2c for men’s unemployment. On this
outcome, 2002 Approach 2¢ performs better than the default screener model by 71
points on AIC and 50 points on BIC, despite using two more parameters. It also out-
performs the analogous Approach 2c with the same number of parameters, drawing
on 1979 self-identification data (90 points on AIC and 89 points on BIC). Figure 1
plots the predicted unemployment rate for men using each of these approaches.
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Comparing results suggests little variation in the predicted unemployment rate
for men classified as Hispanic across these approaches, but important differences
for everyone else. For example, the average unemployment rate for men who
self-identified as Black in 2002 is about 26 percent higher than estimates for Black
men using either of the other two measures.!* Approach 2c for 2002 also shows that
rates of unemployment are not consistent for men who were aggregated together in
the screener’s residual category. Men who self-identified as White in 2002 (alone
or in combination with other responses) have lower levels of unemployment than
men who identified as American Indian or Alaska Native, Asian, Native Hawaiian,
or “some other race” (the latter three categories are aggregated in “All remaining
responses”). Importantly, unemployment rates for men who self-identified as White
in 2002 are similar to men who self-identified as Hispanic in 2002 (3.61 percent and
3.64 percent, respectively), suggesting that this potential axis of stratification is less
crucial for understanding unemployment disparities than implied by either the
screener measure or the 1979 approach.

There may be several reasons why the self-identification 2002 Approach 2c
specification outperforms the screener: it is a self-identification measure; it is mea-
sured closer in time to the unemployment outcome; it disaggregates respondents
to a greater degree; and it allows for multiracial respondents to be represented in
multiple categories. Comparing with self-identification 1979 Approach 2c helps to
narrow down which of these reasons is driving the difference in results. Doing so
suggests that the improvement in model fit from 2002 Approach 2c is likely not
driven primarily by being a self-identification measure or allowing for multiple
responses, which the 1979 and 2002 approaches have in common. Instead, it may be
driven by measuring race/ethnicity closer to the time of unemployment combined
with differences in how the two questions (and their answer options) were worded.
Whatever the reason, we find that using a different race/ethnicity measure not
only statistically improves model performance, it also changes our empirical un-
derstanding of how racial/ethnic inequality in unemployment is patterned among
men, subsequently changing the conclusions researchers might draw for how best
to target interventions.

Comparing Single-Measure Approaches

Although the default screener never performs best, there is also no one “winner”
that emerges across all analyses. We see substantial variation in which type of
measure—and which specification of each measure—is empirically best across gen-
der, outcome, and fit statistic (see Table 3 and Appendix B in the online supplement).
Only for unemployment is the same specification (2002 Approach 2c) consistently
preferred, in terms of criterion evidence, for both women and men, and by both
AIC and BIC.

Across outcomes, self-identification measures tend to perform best on AIC,
while observed race measures are often—but not always—rewarded for parsimony
by BIC. Among the self-identification specifications, the 1979 measure is preferred
over the 2002 measure in seven of the 10 outcome-by-gender AIC comparisons and
always in its most disaggregated and non-mutually exclusive forms (Approaches
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3b and 3c). Among the observed race specifications, the categorical “always-ever-
never” schemes are favored in four instances (wages and salary for women and
men) and the continuous percentage approaches are also favored in four instances
(depression for men and school discipline for women and men). The five-fold cross-
validation yields nearly identical results to the AIC findings for the best-fitting
measures and approaches.'> Thus, we find that models with fewer parameters do
not consistently perform better, even according to BIC, and even when comparing
more or less aggregated versions of the same measure.

In most cases, the best-performing single measure is the same specification for
women and men (on AIC: wages, salary, unemployment, and school discipline;
on BIC: unemployment and school discipline). However, there are also outcomes
where the same “always, ever, never” approach for observed race performs best but
using different categories for women (Black) and men (White), and where entirely
different measures perform best for women and men (on AIC: depression). We
return to consider the importance of accounting for intersectionality in these results,
in more detail, in the discussion.

Comparing Dual-Measure Approaches

Next, we uncover that incorporating a self-identification measure and an observed
race measure simultaneously often outperforms any single measure alone, despite
adding further parameters to the models. In eight out of the 10 gender-by-outcome
tests, dual-measure models strongly outperform all single-measure models, by five
to 31 points on AIC (Table 4). In the final two tests, men’s depression and school dis-
cipline, dual measures outperform the best single measures by one and two points,
respectively, indicating weak evidence of improvement. The multiple-measure
models even outperform single-measure models on BIC in three instances, which
is quite notable given how strictly BIC penalizes adding additional parameters to
models. In all three cases (women’s unemployment, men’s unemployment, and
men’s depression), the magnitudes of BIC-score differences are high, with seven,
60, and 33 points of improvement, respectively. In the five-fold cross-validation,
dual-measure models also produce lower RMSEs than single-measure models in
about half (nine of 20) of gender-by-outcome tests. All together, these findings
underscore that self-identification and observed race frequently provide different
types of information, suggesting that scholars can sharpen both their theoretical con-
clusions about the state of racial/ethnic inequality and the empirical performance
of their models by analyzing these complementary measures simultaneously.

To give one example of how pairing self-identified race/ethnicity with observed
race may hone theoretical conclusions, as well as empirical model performance,
consider women'’s experiences of school discipline (see Figure 2). The dual-measure
analysis combines the best-performing self-identification measure for this outcome,
Approach 3b for self-identification in 1979, with the best-performing observed
race measure, always, ever, never observed Black. By adding the observed race
measure, we see not only improved model performance (a five-point difference
on AIC), but also that differences in the predicted rates of school discipline can-
not be attributed to differences in self-identification alone. In the dual-measure
model, the predicted rate of having ever experienced school discipline for women
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Figure 2: Single- and dual-measure analyses of women's school discipline. Source: National Longitudinal
Survey of Youth 1979. Note: N = 6,049. 95 percent confidence intervals. School discipline is measured as
whether or not respondents were ever suspended or expelled from school. See Appendix Table A7 in the
online supplement for the percent of respondents in each self-identification 1979 Approach 3b category that
were always, ever, and never seen as Black by interviewers.

self-identifying as Black shrinks by a third, from 29.2 percent to 21.9 percent, while
the estimate for women who are always seen as Black yields an additional estimate
of 25.4 percent.'® This suggests an important role for teachers’ and other school
agents’ interpretation of a student’s race in shaping school discipline disparities.
Thus, the dual-measure analysis adds another type of information about the source
of observed inequality, which can aid our understanding of why and how school
suspensions and expulsions are unequally distributed.

Discussion and Implications

Our finding that the best-fitting approach to measuring race/ethnicity varies by
gender, by outcome of interest, and by model fit statistic suggests there is no
one-size-fits-all empirical solution for researchers. We also show that researchers’
operational decisions have consequences for the study’s substantive conclusions
and implications beyond basic statistical assessments like model fit. These results
support key tenets of “QuantCrit” and are in line with the recent turn toward
“multiverse analysis” and broader attention to “researcher degrees of freedom” in
shaping research results.

In uniting these perspectives, our study not only offers a cautionary tale in model
robustness but also provides clear guidance for operationalizing race/ethnicity
measures in a widely used dataset for social science research. Our criterion evidence
points to the importance of including multiple measures of race and of accounting
for observed race, in particular, in studies of inequality in the U.S. The results also
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leave no doubt as to which measure is an ill-fitting tool for understanding racial
inequality: the NLSY79 screener variable. Relying on the default screener variable
has long been problematic from the standpoint of face validity for two reasons:
because it was generated based on a range of factors from father’s race and surname
to language spoken at home, and because its “non-Black, non-Hispanic” category
should not be interpreted simply as “White,” as many researchers do. We show that
the screener race measure also comes up short empirically (i.e., in terms of criterion
evidence) in accounting for racial inequality across domains spanning the labor
market, health, and education.

Our results also have implications for best practice in several additional areas:
conducting intersectional analysis in quantitative studies of inequality and how to
incorporate respondents who identify as Hispanic or multiracial. Beyond carefully
selecting a single- or multiple-measures approach for their research, scholars can
further improve their modelling strategies and the strength of their interpretations
by considering these additional factors.

Intersectional Patterns

Our findings highlight the utility of considering women’s and men’s experiences
of racial inequality separately. Across our five outcome variables, we find several
cases where the measurement approach that performs best varies by gender. In
other cases, we find that even if the same measurement approach is preferred, the
interpretation of coefficients’ statistical significance, direction, and magnitude can
still vary for women and men. Both types of outcomes validate the need for an
intersectional approach in studies of inequality.

For the depression outcome, the best-performing single race/ethnicity mea-
sure for women and men was not just different specifications or approaches, but
fully different measures (1979 versus 2002 self-identification). We use this case
to illustrate the usefulness of splitting analyses by gender. We estimated pooled
models for both the women’s and men’s preferred measures to compare with the
intersectional results. Table 5 highlights how differences between the women’s and
men’s results are lost in the pooled data. Models 1-3 show results for Approach
3b, the best-performing model for women, and Models 4-6 show the results for
Approach 2c for self-identification 2002, the best-performing model for men. Were
we to run only the pooled models, we would conclude that Approach 3b performed
better overall, with a 19-point lower AIC. However, either set of pooled results
seems to overstate some relationships and understate others that are better reflected
in the gender-specific models. For example, the pooled results in Model 1 overstate
depression scores for men with Black ancestry in 1979 (relative to Model 3), while
the pooled results in Model 4 understate the depression scores of men who identi-
fied as American Indian or Alaska Native in 2002 (relative to Model 6). Similarly,
applying the best-fitting approach for men to the data for women homogenizes the
experiences of women who identified as White in 2002 (see Model 5), despite the
existence of statistically significant coefficients of opposite signs among women
who reported European origins in 1979 (see Model 2). These different patterns have
practical implications. For instance, if a researcher were using this observational
analysis to inform the design of a mental health intervention, the intersectional
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Table 5: Depression models: Best-performing approaches, pooled and by gender.

Model 1 Model 2 Model 3
Approach 3b Approach 3b Approach 3b
Pooled Women Men
Series of dichotomous variables
Black 0.65" 0.82" 0.33
(0.15) (0.22) (0.20)
Cuban -0.48 -0.49 -0.45
(0.42) (0.66) (0.51)
Mexican -0.26 -0.44 -0.20
(0.25) (0.36) (0.33)
Mexican-American 0.15 0.17 -0.02
(0.20) (0.30) (0.27)
Puerto Rican 1.46" 1.39" 1.417
(0.28) (0.42) (0.36)
Other Hispanic -0.11 -0.57 0.23
(0.41) (0.61) (0.54)
English 0.11 0.06 0.12
(0.14) (0.20) (0.18)
French 0.30 0.63" -0.25
(0.19) (0.27) (0.27)
German -0.39" -0.44" -0.44"
(0.13) (0.19) (0.17)
Native American 1.05™ 1.16" 0.74"
(0.17) (0.24) (0.23)
Irish 0.07 0.19 -0.14
(0.14) (0.20) (0.18)
Italian -0.16 -0.23 -0.14
(0.21) (0.32) (0.28)
Polish 0.07 0.43 -0.27
(0.26) (0.39) (0.33)
Portuguese -0.83 -0.39 -1.12
(0.69) (1.06) (0.89)
All remaining responses -0.11 -0.05 -0.26
(0.13) (0.19) (0.17)
American 0.43 0.80" -0.07
(0.23) (0.35) (0.30)
Constant 3.09™ 346" 2.86"
(0.13) (0.19) (0.17)
Observations 8,364 4,255 4,109
AIC 47,740 24,808 22,739
BIC 47,859 24,916 22,847
R? 0.015 0.018 0.015
Adjusted R? 0.013 0.014 0.011
Five-fold CV RMSE - 4.460 3.848
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Table 5: (Continued)

Model 4 Model 5 Model 6
Approach 2c ('02) Approach 2c ('02) Approach 2c ('02)
Pooled Women Men
Series of dichotomous variables
Black 0.61" 0.86" 0.27
(0.15) (0.23) (0.20)
Hispanic 0.18 0.22 0.07
(0.14) (0.21) (0.18)
White -0.26 -0.10 -0.50"
(0.13) (0.20) (0.17)
American Indian or Alaska Native 1.71% 0.99 253"
(0.41) (0.58) (0.57)
All remaining responses 0.19 -0.15 0.52
(0.25) (0.36) (0.33)
Constant 3.28" 3.63" 2.99"
(0.12) (0.19) (0.16)
Observations 8,364 4,255 4,109
AIC 47,759 24,825 22,720
BIC 47,802 24,863 22,758
R? 0.010 0.009 0.014
Adjusted R? 0.009 0.008 0.013
Five-fold CV RMSE - 4.475 3.840

Source: National Longitudinal Survey of Youth 1979.
Note: Standard errors in parentheses. "p < 0.05and “'p < 0.01 (two-tailed tests). Best-fitting approaches for
women and men were determined using AIC.

models point to the importance of considering a targeted approach for men who
identify racially as American Indian and Alaska Native (see Models 5-6). Similarly,
designing a mental health intervention specifically for Black women could be useful,
as they report statistically significantly greater midlife depression symptoms, while
Black men do not (Models 2-3 and Models 5-6). In contrast, using the pooled
analyses would not reveal these differences by gender, leading to more generic and
potentially less effective interventions.

Applying the best-performing women’s measure to the men’s data does indicate
that men who reported Puerto Rican origin in 1979 have much higher later-life
depression scores than their Hispanic counterparts (see Model 3), which is obscured
in the men’s best-fitting measure (see Model 6). However, we interpret this result
with caution, given both concerns about p-hacking and the potential for a single
coefficient to be statistically significant by chance in a model with so many parame-
ters. Instead, we consider this collective modeling exercise as further evidence of
the value of considering multiple measures of race in analyses of inequality and
of not assuming the same race/ethnicity measure will perform equally well across
both the outcomes of interest and across gender.

For most of the outcome variables we examined, though, women’s and men’s
best-performing measures were the same, and it would be tempting to conclude that
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intersectional analysis is unnecessary in these cases. However, splitting the analyses
by gender still revealed important differences, as the substantive conclusions differ
even when the best-performing measure did not. For example, the top-performing
approach for both women’s and men’s wage outcomes is Approach 3c for self-
identification in 1979 (see Table 6). The model for women highlights intragroup
heterogeneity: women reporting Cuban origin are at the top of the wage distribution,
followed by women with Puerto Rican origin, while women reporting Mexican
origin are at the bottom, with Native American women just above them (see also
Ferraro et al. 2025). For men, those reporting Cuban origin are also at the top,
but men with Black ancestry are at the bottom, with Mexican—American origin
men just above them. Thus, the rank ordering of wage outcomes by race/ethnicity
category differs meaningfully by gender. This example demonstrates how useful
an intersectional analysis is, even in cases when the same race/ethnicity measure
performs best. That is, scholars should not default to pooling the data, even if they
consider multiple approaches and find the same specification statistically performs
best for women and men, as an intersectional approach also can reveal substantively
meaningful patterns and be motivated on theoretical grounds.

Incorporating Hispanic Respondents

Our findings do not establish one single best-fitting measure, in terms of criterion
evidence, for operationalizing Hispanic analytic categories, but they do point to
several takeaways that call into question current standard practices. First, we find
that non-mutually exclusive approaches to incorporating Hispanic origin responses
tend to fit better than their mutually exclusive counterparts. For example, when we
consider the 1979 self-identification approaches that allow “Hispanic” responses to
count alongside other racial/ethnic responses (Approaches 2b, 2¢, 2d, 3b, and 3c),
we find at least one such specification outperforms both specifications that assume
Hispanic origin responses supersede other racial/ethnic responses (Approaches 2a
and 3a) in seven of 10 gender-by-outcome AIC analyses.!” This runs counter to how
Hispanic origins have been reported by many researchers, including in U.S. Census
Bureau publications (Grieco and Cassidy 2001; Humes, Jones, and Ramirez 2011).
Second, we note that the most disaggregated approaches, which account for
different subgroups and origins, often fit the data best, rather than a classification
scheme that uses an aggregate Hispanic category. For example, when comparing
measurement strategies for using the 1979 self-identification data, the specifications
with disaggregated Hispanic categories (3a, 3b, and 3c) outperform the specifica-
tions with a single aggregated Hispanic category (2a, 2b, 2c, and 2d) in eight out of
10 gender-by-outcome AIC analyses—despite using more than three times as many
parameters.'® Further, our cross-validation exercise shows that using a binary con-
trast to compare Hispanic respondents versus all other respondents (Approaches
1b for 1979 self-identification, 2002 self-identification, and the screener) performs
worse than the constant-only benchmark at least half the time. That is, in 16 of 30
gender-by-outcome tests, modeling inequality by simply assigning all women or
men their respective average outcome produces less error than comparing “His-
panic” and “Non-Hispanic” respondents. Together, these results point to the risks
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Table 6: Wage regression analyses using 1979 self-identification approach 3¢, by gender.

Model 1: Women Model 2: Men
Series of dichotomous variables
Black -0.08" -0.25"
(0.03) (0.03)
Cuban 0.27" 0.18"
(0.08) (0.08)
Mexican -0.14" -0.14"
(0.05) (0.05)
Mexican—American -0.01 -0.15"
(0.04) (0.04)
Puerto Rican 0.11° —0.10"
(0.06) (0.05)
Other Hispanic 0.00 0.01
(0.08) (0.08)
English -0.04 -0.00
(0.03) (0.03)
French -0.05 0.02
(0.04) (0.04)
German 0.09™ 0.07"
(0.03) (0.03)
Native American -0.10™ -0.17"
(0.03) (0.04)
Irish -0.01 0.03
(0.03) (0.03)
Italian 0.07 0.13"
(0.04) (0.04)
Polish 0.07 0.06
(0.05) (0.05)
Portuguese 0.21 0.01
(0.13) (0.12)
All remaining responses 0.08" 0.05
(0.03) (0.03)
American -0.03 -0.04
(0.05) (0.04)
Multi-origin 0.06 0.07
(0.03) (0.04)
Constant 2.56" 2.84"
(0.02) (0.03)
Observations 3,680 3,726
AIC 5,730 5,675
BIC 5,842 5,787
R? 0.039 0.097
Adjusted R? 0.035 0.093
Five-fold CV RMSE 0.527 0.518

Source: National Longitudinal Survey of Youth 1979.
Note: Standard errors in parentheses. “p < 0.05 and ~'p < 0.01 (two-tailed tests).
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in assuming a monolithic Hispanic experience, in line with other research (Alvero,
Giebel, and Pearman 2024; Ferraro et al. 2025; Jiménez, Fields, and Schachter 2015).

Sample size and data availability may prohibit disaggregating Hispanic re-
sponses for many purposes, but our results underscore this is an important limita-
tion that should be acknowledged. Our findings also echo recent guidance from
the National Academies of Sciences, Engineering, and Medicine (Wilson et al. 2025)
about carefully justifying all racial and ethnic category aggregation decisions, given
their potential substantive influence on the results. Although it may have been
politically advantageous to emphasize similarities among Mexicans, Puerto Ricans,
and Cubans in advocating for greater attention to “Hispanic” people (see Mora
2014), the extent of shared inequality experiences remains an open empirical ques-
tion. Indeed, intracategorical inequality should be kept in mind when working with
all ethnoracial categories, including “White” (Read and Fairfax 2025).

Incorporating Multiracial Respondents

Similarly, while our results do not establish one “right” way to account for multiple
racial/ethnic responses, we do see two features of approaches that offer stronger
criterion evidence than others. First, despite the common practice of reporting
results for a combined “two or more races” category, we find that aggregating
people who select multiple racial/ethnic responses into one mutually exclusive
group (Approaches 2a and 3a) often does not perform well. Instead, approaches that
use a series of dichotomous variables for each race/ethnicity category (Approaches
2¢, 2d, 3b, and 3c), which allow respondents to be represented in each category they
indicate, tend to perform better. In all 10 gender-by-outcome tests, based on AIC, at
least one of the specifications using a series of dichotomous variables outperforms
those with a categorical, mutually exclusive approach. Although the non-mutually
exclusive strategy may better represent multiracial identities in the abstract, as
being the sum of multiple parts, it does visually erase multiraciality from the model
results (see, e.g., Figure 1) and requires additional calculation to produce specific
estimates (e.g., for respondents who identified as Black and White or Asian and
White).

Second, we find that including a separate indicator for people who selected mul-
tiple responses alongside the series of dichotomous variables sometimes performs
better than not including it, despite adding an additional parameter. Comparing
Approaches 3c and 2d (both of which include a multiracial flag) to Approaches 3b
and 2c (which do not), we find that at least one of the specifications that accounts for
a shared multiracial experience provides a better fit among the non-mutually exclu-
sive approaches in five of the 10 gender-by-outcome AIC analyses, along with two
ties.!? As Forthal (2025) notes, depending on the outcome of interest, there could be
unique experiences for multiracial people with different racial backgrounds, shared
experiences of being multiracial (such as monoracism), a combination of the two, or
neither. This points again to the importance of weighing theoretical mechanisms
and how they align with different measures’ content or face validity, alongside
criterion evidence and statistical performance, when producing empirical research
on inequality.
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Our findings regarding multiracial classification also offer an important update
to the conclusions of Light and Nandi (2007), who argued, “multiracial respondents
can simply be reassigned to one of their reported race categories [...] reassignment
has virtually no effect on the race distribution or on the explanatory power of
race variables” (2007, p.141, emphasis added). In contrast, we find that analyzing
all available race/ethnicity data generally yields empirically better models and
represents a more respectful stance towards multiracial respondents (Giebel 2023).
Carefully considering all these potential pros and cons is important when assessing
different approaches to including multiracial people in research (see Lam-Hine et
al. 2024 for further discussion).

Conclusion

Combining the principles of transparency and reproducibility with the theoretical
insights of “QuantCrit,” we shed light on an overlooked issue: the need to transpar-
ently describe which racial/ethnic measures are used, how they are operationalized,
and why. We hope that by highlighting how many operationalization decisions
must be made to use common race/ethnicity measures, like those in the NLSY79,
scholars will better understand the theoretical and empirical stakes inherent in their
use of these data. By sharing the code to reproduce the approaches and analyses
described in this paper, we also aim to encourage scholars to go beyond using
the default screener measure in their analyses, instead adopting one or multiple
alternate measures better suited to their needs. To formalize the process we de-
scribe, we conclude by offering a set of five key research design considerations
that emerge from our analyses and are echoed by the recent NASEM guidance for
biomedical researchers (see Box 1). Although the roadmap we outline here relies on
existing best-practice standards, there is value in re-iterating and synthesizing them
in one place for the benefit of newer inequality researchers as well as subject-matter
experts who may be familiar with some, but not all, of these tenets.

We recommend researchers begin by carefully theorizing about the mechanisms
they expect will be most relevant to their study, including evaluating whether some
measures have greater validity than others depending on the inequality processes
of interest. The theory guiding one research question may point to the relevance of
how others perceive a person’s race/ethnicity, while the theory shaping another
project may be more concerned with how a person self-identifies with detailed
racial/ethnic groups, and a third project might find both types of data useful frames
for analysis concurrently (see Saperstein et al. 2016 for examples of how to leverage
multiple measures of race in analysis). Another project might find fluctuations
over time to be key to its aims—for either theoretical reasons (e.g., acknowledging
fluidity in how people self-identify or are perceived by others) or methodological
reasons (e.g., to address concerns about measurement error)—making data from
the same measure at multiple timepoints important. Each of these considerations
should be weighed in conjunction with any multiverse-inspired analysis and before
the type of model-fit assessment we illustrated here. That said, for studies using
NLSY79, we do have difficulty imagining theoretical interests that would be best
matched to the default screener variable, given how it was constructed and the
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Box 1: Key Considerations for Operationalizing Race and Ethnicity.

1. Consider the relevance of different measures. Theorize about the mechanisms
involved in (re)producing racial/ethnic inequality in your study’s outcomes of
interest. For example, does it matter how your respondents are perceived by
others? If so, starting with observed race variables may be most useful. Does
it seem likely that exposure to inherited advantage or disadvantage will play a
role in the dynamics under study? Do you theorize that people’s contemporary
understanding of themselves is a key factor? If so, measures that reflect racial
ancestry or current racial identity may be the best tool. Could fluctuations over
time be important, either for substantive reasons or due to concerns about mea-
surement error? If so, drawing from measures at multiple points of time could be
helpful, when such data are available. When relevant measures are not available,
the limitation should be acknowledged, and substantive interpretations should
be adjusted accordingly.

2. Consider different classification schemes within the family of measures that
aligns your theoretical framework. Theorize about how different specifications
within your answers to the first consideration might matter for your study (see
Table 1). Does your research question require categories that are more (or less)
detailed? Do you expect multiracial respondents have unique experiences based
on their specific racial background, or are they likely to have a shared experience
(e.g., of monoracism) that may be relevant to your outcome, or both? Similarly,
should Hispanic origin be treated as a separate but shared experience or as one
among many possible racial/ethnic categories? In the absence of clear theoretical
guidance, empirically test different sets of specifications (e.g., corresponding to
different theories) and consider criterion evidence for validity.

3. Consider multiple measures of race/ethnicity. After conducting the above exer-
cises, consider whether adding one or more additional measures of race/ethnicity
would enhance your theoretical leverage. Calculate the variance inflation factor
to check that multiple measures do not introduce multicollinearity. Empirical
tests of model fit could then offer criterion evidence of validity for multiple
measures, which should be weighed alongside the substantive benefit.

4. Consider the intersectional implications. Are other axes of inequality, like
gender, also likely to matter? When cell sizes allow, and either theory or previous
research point to important potential variation, conduct analyses informed by
intersectional perspectives.

5. Strive for transparency and reproducibility. At a minimum, be clear about
which measure(s) of race/ethnicity you use and how you operationalize them,
and ideally, justify your choice(s) with theory, criterion evidence of empirical
performance, or both. In all the above considerations, do not base decisions
on the number of statistically significant coefficients. Instead, use relevance to
theoretical expectations, along with assessments of model robustness or fit, to
guide decision-making. When using measures of model fit, specifically, consider
which corresponds best to your theoretical and empirical aims: are you looking
for the most parsimonious model, the model with the most variance explained,
or does out-of-sample prediction or some other criterion metric of validity matter
most?
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availability of other measures. Further, as the screener example suggests, concerns
about content or face validity should take precedence over solely criterion-based
evidence when these perspectives offer competing assessments.?’

Next, we encourage researchers to consider the range of empirical specifications
that are possible for any given race/ethnicity variable. As we have demonstrated,
even after selecting which measure(s) best match a study’s theoretical interests, there
are numerous additional decision points that are necessary to generate variables for
analysis (see Table 1) but for which researchers rarely provide explicit justification.
In some cases, theoretical reasoning may help narrow the set of operational ap-
proaches best suited to a project. In other cases, when no clear theoretical guidance
resolves all decision points, researchers could empirically test the consequences of
implementing different choices or err on the side of including more disaggregated
categories (see e.g., Schwabish and Feng 2021). This step in descriptive or observa-
tional analysis can potentially help to improve theory abductively by highlighting
which distinctions seem to be most relevant for particular outcomes (see Engzell
and Mood 2023) and necessarily precedes efforts to provide more cutting-edge
causal analysis of potential interventions (e.g., Lundberg 2024).

If researchers have focused on a single measure of race/ethnicity to this point,
we suggest they consider the theoretical and empirical leverage that could be gained
by including one or more additional measures of race/ethnicity. For example, if re-
searchers have thus far focused on a self-identification measure, they might consider
how an observed race measure could enhance the analyses, adding information
about how racial inequality emerges through different processes. In doing so,
researchers should carefully weigh concerns about multicollinearity (O’Brien 2007).

We also encourage researchers to consider whether other axes of inequality
might matter in their analyses. A large body of prior research documents that
intersectionality is important for understanding the overall structure of social in-
equality. In this study, we have shown that the best-performing race/ethnicity
measures often differ across gender, offering further evidence that racial inequality
is patterned differently for women and men. Thus, if researchers develop theoreti-
cal reasons why their analyses could vary along multiple axes of inequality, and
such analyses are empirically possible (e.g., if cell sizes allow), we recommend
researchers conduct intersectional analyses. See Mahendran, Lizotte, and Bauer
(2022) and Spierings (2023) for reviews of incorporating intersectional perspectives
in quantitative research.

Finally, we echo calls for researchers to implement open science principles of
transparency and reproducibility. As we have shown, working with race/ethnicity
measures is not straightforward, even in a publicly available dataset like the
NLSY79. Researchers confront many decision points, and many different ap-
proaches are possible. Thus, it is essential to clearly describe the chosen approach,
so that readers can fully understand the details—which are important to interpret-
ing and generalizing results—and replicate the analyses. Ideally, researchers will
not only document their choices but also justify their decisions, drawing on theory
and empirical evaluations, as appropriate. Similarly, researchers should justify their
approach to model selection, including considering cross-validation exercises to
evaluate robustness to over-fitting (Verhagen 2022), as well as approaches that more
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explicitly account for theory and /or model uncertainty (see, e.g., Mufioz and Young
2018a; Schultz 2018).

In sum, we draw on data from the widely used NLSY79 to highlight the range
of decision points confronting inequality researchers who work with race/ethnicity
data, decisions that are rarely detailed in published articles, regardless of whether
racial disparities are the explicit focus of research. Although we demonstrate that
there is no consistent “gold-standard” approach to operationalizing race/ethnicity
across inequality domains and gender, we also find that the NLSY79’s default
screener variable, which has questionable theoretical value, is never the empirically
best choice in our analyses. This underscores the need to revisit current taken-for-
granted approaches, and we draw on existing best-practice recommendations for
the use of race/ethnicity in research to guide inequality researchers in navigating
this complex terrain.

We hope future research will not only explore alternative strategies, includ-
ing analyzing multiple measures of race/ethnicity simultaneously and accounting
for fluidity in categorization, but also devote greater attention to the inequality-
producing mechanisms that best account for their results. As our analyses under-
score, what may seem like a technical statistical exercise and a simple call for more
transparency also has consequences for how we understand and attempt to address
inequality in the United States.

Notes

1 We treat the terms race and ethnicity interchangeably in this paper, in part because the
survey questions we are studying do not always clearly distinguish between the two
concepts. We also use the terms origin or ancestry interchangeably when referring to
measures that ask explicitly about geographic origin or descent. When measures use
only categories such as “Black” and “White,” we refer to them as measures of race but,
collectively, we refer to this question type as measuring race/ethnicity for simplicity.

2 Because this practice is widespread, we feel it would be inappropriate to single out a
particular paper or set of authors for illustration. Further, the list of studies would be too
long to cite in its entirety.

3 The multiverse analysis approach has been extended to data collection (Harder 2020),
but our focus is on data processing and analysis of preexisting datasets.

4 We use the term “gender” and the categories “women” and “men” when interpreting our
analyses but, in line with our treatment of race/ethnicity, it is important to note how these
data were collected and acknowledge their limitations. In the NLSY79 data, respondents
are recorded as “female” or “male” by interviewer observation. We use the measure
from the 1978 screening interview, in which interviewers only asked respondents to
self-identify if the answer was “not obvious” to them (National Longitudinal Surveys
User Services n.d.). This method of data collection generates both constraints on our
analyses and limitations in their interpretation: (1) the concepts of sex, as a distinction
based on biological criteria, and gender, how people present and interact socially, are
conflated; (2) the available response categories are binary, despite greater diversity in
both sex and gender; and (3) interviewer observations may differ from other methods of
categorization, including respondents’ self-identification (see Westbrook and Saperstein
2015 for further discussion of these issues). Indeed, screener categorizations for at least 48
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respondents were later edited because of inconsistencies between the originally recorded
data and answers to fertility questions in 1982 (National Longitudinal Surveys User
Services n.d.).
5 We drop wage and salary outliers below the second percentile and above the 98th
percentile, calculated by year, before taking the mean and applying the logarithmic

transformation.

6 We calculate the percent of weeks unemployed using only those weeks that have data on
labor force status. For example, if labor force status is available for only 10 weeks out of a
year, and the respondent was unemployed for five of those weeks, their unemployment
rate is calculated as 50 percent.

7 What constitutes a “multiracial” or “multi-origin” response is determined before we
establish which categories fall below the sample size criteria for inclusion as a separate
estimate. See Appendix A in the online supplement for further details.

8 Measures of model fit are also designed to assess whether adding more parameters offers
more explanatory power, a consideration that is particularly relevant in our analysis of
single- vs. multiple-measure models.

9 We depart from Light and Nandi (2007) and do not use R? statistics as our primary
measure of model fit for several reasons. First, R? does not penalize model complexity, as
AIC and BIC do, and our race/ethnicity specifications vary in their number of parameters
(see Table 2). Second, the pseudo R2 shown for school discipline is not interpretable
on the same scale as R? for continuous outcomes. Finally, our objectives are explicit
model comparison and predictive model performance with future data rather than
summarizing the explanatory power of a single model using existing data.

10 Full regression results are available in Appendix C in the online supplement. The models
yielding three or more statistically significant coefficients, but higher AIC scores, are
shown in Appendix Table C9a (Approach 2a) and Appendix Table C9b (Approaches 3a,
3b, and 3c) in the online supplement.

11 These include women and men’s wages; women'’s salary; men’s depression; men’s school
discipline.

12 The three exceptions are BIC scores for the dichotomous Black screener specification for
women’s salary and school discipline for men and women.

13 For a summary of best-performing measures by gender and outcome, as evaluated by
the K-fold cross-validation RMSE results compared to a constant-only benchmark, see
Appendix Tables B6-B10 in the online supplement. Actual RMSEs are reported with the
full regression results in Appendix C in the online supplement.

14 The predicted unemployment rate for Black men is 6.53 percent when measured using
the 2002 self-identification measure, compared to 4.84 percent when using the screener
and 4.86 percent when using the 1979 self-identification measure (Figure 1). The gaps
between the 2002 self-identification measure compared to the other measures are about
twice as large as the gap between White and Black men’s employment rates during the
first few months of the coronavirus pandemic (Dias 2021).

15 The sole divergence between the AIC and cross-validation best-performing measures
is for men’s unemployment. However, the two approaches identified are in the same
conceptual “family” (2c and 2d) and, overall, differ very little in terms of fit for this
outcome (e.g., on AIC, Approach 2d is just two points worse than 2¢, see Appendix Table
B3; on RMSE, see Table B8 in the online supplement).

16 Importantly, our dual measure models treat the relationship between observed and
self-identified race as additive. In a study dedicated to understanding patterns of school
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discipline it would be important to further test whether these relationships are better
characterized as interactive or multiplicative, with the magnitude of the association with
being seen as Black also varying depending on one’s self-identification.

17 The approaches tie for men’s unemployment, and either Approach 2a or 3a outperforms
the others on women’s unemployment and men’s depression.

18 The two exceptions are women’s and men’s unemployment.
19 The exceptions are women’s school discipline and men’s depression.

20 Indeed, a history of validity theory shows that researchers have moved away from solely
criterion-based approaches toward more comprehensive and theory-driven assessments
of overall validity over time (see Sireci 1998; Strauss and Smith 2009).
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