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ABSTRACT

I study the determinants of the choice to identify as Hispanic among those who
could—those whose parents, grandparents, or selves were born in a Spanish-speaking
country. I find that individuals with Hispanic ancestry are significantly less likely to
self-identify as Hispanic if they live in states with high levels of implicit ethnic bias. A
one standard deviation increase in bias decreases self-reported Hispanic identity by 7
and 13 percentage points for first and second-generation Hispanics, respectively. These
effects are more prominent among second-generation immigrants with both parents
born in a Spanish-speaking country than among children of inter-ethnic parents. These
findings have implications for the interpretation of research on ethnic gaps in economic

outcomes and the correct counting of the population.
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I. INTRODUCTION

The self-reported Hispanic population in the United States has tripled over the last three
decades as Hispanics overtook Blacks as the largest minority group in America.! An exten-
sive literature on Hispanics—non-Hispanic White gaps has emerged, finding differences in
health (Antecol and Bedard, 2006; Antman et al., 2016), wages (Trejo, 1997), and schooling
(Antman et al., 2022). However, defining and measuring these racial and ethnic groups is
not straightforward, especially when considering self-reported identity. To the extent that
self-report Hispanic identity is negatively selected, these gaps could be biased upward.
Various factors, including prejudice, can influence the manner in which individuals se-
lect their ethnic identity. In this paper, I explore the determinants of Hispanic identity and
how Hispanics self-select into Hispanic and White identities. In particular, I study how
bias against minorities influences their decisions to identify, or not, as a member of the
ethnic minority. This is important as it affects our interpretations of a variety of findings.
First, if individuals react to prejudice by choosing not to identify with their targeted group,
standard analyses attempting to identify components of ethnic gaps in outcomes could be
overestimated in the most biased states. Second, how individuals identify may impact mea-
sured changes in labor market outcomes among groups differentiated by race and ethnicity.
As a result, Mexican immigrants’ assimilation rates could appear slower than other groups.
To explore how individual characteristics and social attitudes toward Hispanics affect
self-reported Hispanic identity. I use identity and ancestry information from the Current
Population Survey (CPS) along with a proxy for state-level bias from Harvard’s Project Im-

plicit Association Test (IAT). 2 I motivate my analysis with a simple model in the vein of

1. The 2020 Census counted more than 62 million Hispanics—19 percent of the population—triple the
number of Hispanics counted three decades earlier (Flood et al., 2021). The Hispanic population numbers are
based on the author’s calculations from the Current Population Survey and US Census data.

2. The IAT data is retrieved from Harvard’s Project Implicit (Greenwald et al., 1998). The implicit bias to-
ward minorities, as measured by IAT, is widely used by psychologists and is growing in use among economists.
IAT scores were shown to be correlated with economic outcomes (Chetty et al., 2020; Glover et al., 2017), voting
behavior (Friese et al., 2007), and health (Leitner et al., 2016).



Akerlof and Kranton (2000). This makes explicit a path through which actions affect individ-
uals’ utility via their identity and introduces an externality where the actions of others—or
prejudice—have different effects on a person’s well-being and identity. Therefore, if a person
can choose their identity credibly and this choice is affected by the prejudice of others, then
they will choose it to maximize their outcomes.

Measuring identity choices outside of a laboratory is challenging because it requires ob-
jective and self-reported identity measures. I use data from a person’s birthplace and ances-
try to construct an ostensibly objective measure of identity. I find self-reported identity to be
negatively correlated with individual and parental characteristics, i.e., parental education.
I also find that they are negatively associated with discrimination and ethnic attitudes that
reflect the social environment.

Among individuals of Hispanic ancestry, I find that higher state-level bias against people
with darker skin is correlated with a lower self-reported Hispanic identity among Hispanic
immigrants. I find that a one standard deviation increase in bias correlates with a 7 per-
centage points decrease in the self-reported Hispanic identity among first-generation immi-
grants and a 13 percentage points decrease among second-generation immigrants. Addition-
ally, a one standard deviation increase in bias is correlated with a 15 percentage points drop
in self-reported Hispanic identity among second-generation Hispanic children with both par-
ents born in a Spanish-speaking country. Consequently, as the more economically successful
Hispanic immigrants—educated and wealthy immigrants—do not self-report Hispanic iden-
tity, economic research using subjective ethnic measures will overestimate White-Hispanic
gaps in the most biased states.

This paper fits in the economics of immigration and assimilation. Abramitzky et al.
(2016) measured the speed at which immigrants from Europe, Asia, and Latin America as-
similate in the United States. They find that assimilation increases over time.? Fouka et al.

(2022) investigated the effect of the inflow of Black Americans migrating from the South to

3. For more on immigrant assimilation, see Abramitzky et al. (2020, 2019, 2020, 2014)
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the North on the assimilation of European immigrants. The authors found that immigrants
in places that received more Black migrants assimilated faster. Meng and Gregory (2005)
studied the effect of intermarriage on assimilation and found that immigrants who inter-
marry earn significantly more than those in an endogamous marriage. Antman et al. (2016)
show that among immigrants from Mexico, the least economically successful self-identify as
being of Mexican origin, while the most successful do not.

Other researchers studied the assimilation of Hispanic immigrants. Antecol and Be-
dard (2006) documented an interesting puzzle where non-native-born Hispanics have better
health outcomes than native-born Hispanics, and Trejo (1997) showed that Mexican men
earn substantially less than Whites.* Smith (2003) offered a more optimistic view of the
assimilation of Hispanic immigrants. The longer Hispanic and Latino immigrants reside in
the US, the more they can close the educational gap with White men. Moreover, some of the
poor showings of how well Hispanic immigrants assimilate in the United States could be
explained by ethnic attrition and the use of self-reported Hispanic identity to study Hispan-
ics (Duncan and Trejo, 2017, 2011b; Meng and Gregory, 2005; Duncan and Trejo, 2018a,b;
Antman et al., 2016, 2020). The ethnic attrition was driven by the children of inter-ethnic
marriages (Meng and Gregory, 2005; Duncan and Trejo, 2005). Once the attrition was ac-
counted for, Hispanic immigrants would appear healthier and thus more assimilated than
previously thought (Antman et al., 2016, 2020). This research, however, does not explore
whether the self-reported identity itself is a function of other factors like prejudice.

This paper is most closely related to Antman et al. (2016); Antman and Duncan (2015,
2021) where the authors studied the ethnic attrition of Hispanic immigrants and how mi-
norities change their self-reported identity to changes in policies.® Taking into consideration
the ethnic attrition that Antman et al. (2016) document, I investigate the determinants of

what drives a person to self-report, or not, their Hispanic identity. I aim to decompose some

4. The Hispanic health paradox has led many researchers to try to explain it (Giuntella, 2016; Giuntella
and Stella, 2017; Giuntella et al., 2018; Giuntella, 2017; Antman et al., 2016, 2020).
5. Ethnic attrition is when a person with Hispanic ancestry fails to self-identify as Hispanic.
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of the complexity associated with endogenous identity by exploring some of the personal
and environmental determinants of identity. The empirical analysis in this paper docu-
ments how some observable, i.e., personal characteristics and societal attitudes, affect the
self-reported identity of Hispanics.

The rest of this paper is structured as follows. First, I will discuss the conceptual frame-
work in section (II). Second, I will describe the data I use in section (III). Third, I will in-
troduce an empirical model and the results in section (IV). Fourth, I will discuss robustness

checks and discuss the results in section (V). Finally, I conclude in section (VI).

II. CONCEPTUAL FRAMEWORK

I discuss a conceptual framework of identity in the spirit of Akerlof and Kranton (2000). A
person belongs to some ethnic group, and their actions either affirm or deny their ethnic
identity. Actions that deviate from what is proscribed of the ethnic identity are costly.
Formally, a person i belongs to ethnic group e; € {H,NH}, where H is Hispanic and NH
is non-Hispanic. Agent i’s utility depends on their actions and the extent to which their

actions affirm their identity I;:

U,=U;;,a_i,1I;) (1)

A person’s identity, I;, is influenced by their own actions, the actions of others, and the

behavior proscribed by their ethnicity. I write this as:

I, =1I,(a;,a_i;B,,) (2)

Where a; is the actions of person i. a_; is the actions of others that would affect i’s
identity, i.e., societal bias. I; is the identity function. Each group has an associated set of

behaviors that society proscribes them to conform to, which I denote as B, 5

6. Akerlof and Kranton (2000) refer to B, as proscription.
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A person i chooses action a; that maximizes their utility function given ethnic group
e;, proscribed appropriate behavior B,;, and the actions of others a@_;. This implies the

following first-order condition (F.O.C.):

oU; +an dl;
da; 0I; da;

(3)

Whose solution af yields utility U L* . Now, suppose a person can choose their ethnic
identity at a cost of ¢. They will do so if U*>U l* +c. Where U; ™ is the utility obtained from
optimal actions a? under the counterfactual ethnicity.

That is i will change identities when the benefits of doing so U'i* - Ui* exceed the costs c.
These net benefits are non-zero only if d #0and ou:

da; 0I;
analysis of the determinants of identity choice should focus on: (1) individual characteristics

# 0. This suggests that an empirical

that would lead to different a; under different identities, (2) contextual characteristics that
would lead to different a _;—bias—under different identities, (3) the analysis should focus on

a sample of the population with small ¢, and (4) the sub-sample with a utility that is greatly

oU;
” ol
the characteristics that would affect i’s actions to take different identities from point (1).

affected by their identity—i.e # 0). From the empirical analysis, I could investigate
These characteristics could be the generation immigrants belong to, whether their parents
are interethnic or endogamous, etc. I could also investigate how different state-level biases
could affect identity. Finally, restricting the sample to people with a small cost of changing
identity ¢ guarantees that I do not include populations that would never change identities

otherwise—for example, non-Hispanic Whites with non-Hispanic ancestry.

III. DATA

In this section, I describe the datasets I use. To study the association between social atti-
tudes and self-reported Hispanic identity, I must measure subjective and objective Hispanic
identities to select a subgroup of Hispanic immigrants for analysis. Thus, I use the In-

tegrated Public Use Microdata Series (IPUMS) Current Population Survey (CPS) (Flood



et al., 2021) and use information on ancestry to construct an objective identity measure. I
also use implicit association test (IAT) as a measure of bias, in which bias will shift the costs

of identifying as a particular ethnic identity (Hispanic).
II1. A. Measuring Hispanic Identity

I measure Hispanic identity using the Current Population Survey (CPS), which allows me to
construct an objective measure of the Hispanic identity of minors living with their parents.
I will use the information on the place of birth, parents’ place of birth, and place of birth of
grandparents to construct an objective Hispanic measure.” Thus, I could perfectly identify,
and construct a dataset of first-, second-, and third-generation Hispanic immigrants (see
figure 1 for a visual representation). This will consequently allow me to build an objective
measure of the Hispanic identity of minors under the age 17 living with their parents.

The objective measure of identity—unlike the self-reported measure where respondents
answer affirmatively when asked if they are Hispanic or Latino—depends on the birthplaces
of the individual, their two parents, and four grandparents. Thus, the three identifiable gen-
erations are: 1) first-generation immigrants that were born in a Spanish-speaking country
with both parents also being born in a Spanish-speaking country, 2) second-generation im-
migrants are native-born citizens to at least one parent that was born in a Spanish-speaking
country, 3) third-generation immigrants are native-born citizens to two native-born parents
and at least one grandparent that was born in a Spanish-speaking country.® I restrict the
sample to Hispanic Whites, first-, second-, and third-generation immigrants who are 17
year old and younger and still live with their parents between 2004 and 2021. I present a
summary of the sample statistics in the table (1).

The overall sample is 49% female, and 91% of the sample self-reportedly identifies as

Hispanic—answered yes to the question “are you Latino/Hispanic?”. The average age is 8.6

7. Following the works of Antman et al. (2016, 2020).
8. I restrict first-generation immigrants whose parents were born in a Spanish country to avoid including
naturally born US citizens that were born abroad to US parents.
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year old. Almost 14% of mothers have a college degree, and 14% of fathers have a college
degree. I provide the rest of the summary statistics for the overall sample and broken down

by generation in table (1).

TABLE 1
CURRENT POPULATION SURVEY (CPS) SUMMARY STATISTICS
Overall By Generation
Ch teristi All Sample First Second Third
aracteristic N =1,131,828 N=119,778 N=761,450 N=254,699

Female 0.49 0.48 0.49 0.49
Hispanic 0.91 0.96 0.94 0.82
A 8.6 11.5 8.3 7.9

8¢ (5.1) (4.3) (5.0) (5.0)
College Graduate: 0.14 0.15 0.11 0.23

Father
College Graduate:

Mother 0.14 0.15 0.11 0.22
Total Family Income 39,882 31,927 36,726 53,000

(1999 dollars) (48,692) (38,804) (45,353) (58,984)

7 Mean (SD)

! The sample includes children ages 17 and below who live in intact families.
First-generation Hispanic immigrant children that were born in a Spanish-
speaking county. Native-born second-generation Hispanic immigrant children
with at least one parent born in a Spanish-speaking country. Finally, native-
born third-generation Hispanic immigrant children with native-born parents
and at least one grand parent born in a Spanish-speaking country.

2 Data source is the 2004-2021 Current Population Survey.

Moreover, using the place of birth of parents and grandparents, I can objectively identify
their ethnic ancestry. Consequently, I can identify different types of parents and grandpar-
ents. Using the place of birth of parents data, I can divide parents of second-generation
children into three objective types:

1. Objectively Hispanic-father-Hispanic-mother (HH)

2. Objectively Hispanic-father-White-mother (HW)

3. Objectively White-father-Hispanic-mother (WH)



Similarly, using the place of birth of grandparents, I can divide grandparents of third-
generation children into 15 objective types: (1) objectively Hispanic paternal grandfather-
Hispanic paternal grandmother-Hispanic maternal grandfather-Hispanic maternal grand-
mother (HHHH); (2) objectively White paternal grandfather-Hispanic paternal grandmother-
Hispanic maternal grandfather-Hispanic maternal grandmother (WHHH); (3) objectively
Hispanic paternal grandfather-White paternal grandmother-Hispanic maternal grandfather-
Hispanic maternal grandmother (HWHH), etc...

FIGURE 1
DIAGRAM OF THE THREE DIFFERENT GENERATIONS OF HISPANIC IMMIGRANTS.

Born in a Spanish Mo,
l’cs speaking country @

At least one parent is
First-Generation bom in a Spanish

speaking country
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My analysis depends on a sub sample of the US population, I show in table (2) that I have
enough observations in each generation. Consistent with the literature on ethnic attrition

among Hispanics, I find significant attrition among third-generation Hispanic immigran’cs.9

9. In Duncan and Trejo (2018a,b); Antman et al. (2016, 2020), the authors find substantial attrition among
Hispanics.



These results are displayed in table (2): most first- and second-generation Hispanic immi-
grants self-reportedly identified as Hispanic. Of the first-generation Hispanic immigrants,
96% self-reportedly identified as Hispanic. Similarly, 95% of the second-generation Hispanic
immigrants self-reportedly identified as Hispanic, and 85% of third-generation Hispanic im-
migrants identifying as Hispanic. That is a more than threefold increase in attrition rates.
Most of the attrition among third-generation Hispanics is driven by attrition among the
children of inter-ethnic marriages.

TABLE 2
HISPANIC SELF-IDENTIFICATION BY GENERATION

Self-identify  Self-identify as % Self-identify = % Self-identify

as Hispanic non-Hispanic as Hispanic as non-Hispanic
1st Gen. 114,657 5,121 0.96 0.04
2nd Gen. 712,916 48,534 0.94 0.06
Hispanic on:
Both Sides 516,551 19,318 0.96 0.04
One Side 196,365 29,216 0.87 0.13
3rd Gen. 209,206 45,493 0.82 0.18
Hispanic on:
Both Sides 55,401 2,245 0.96 0.04
One Side 52,879 17,371 0.75 0.25

1 The samples include children ages 17 and below who live in intact families. First-
generation Hispanic immigrant children that were born in a Spanish-speaking county.
Native-born second-generation Hispanic immigrant children with at least one parent
born in a Spanish-speaking country. Finally, native-born third-generation Hispanic
immigrant children with native-born parents and at least one grandparent born in a
Spanish-speaking country.

2 Data source is the 2004-2021 Current Population Survey.



FIGURE 2
BIAS AND SELF-REPORTED HISPANIC IDENTITY IN THE LEAST AND MOST BIASED PLACES
(A) SKIN TONE IMPLICIT ASSOCIATION BIAS OVER TIME
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Note. These two panels show the trends in implicit bias (panel a) and self-reported Hispanic identity among
Hispanic immigrants (panel b) of the least and most biased places in the data. The District of Colombia is the
least biased geographical area, and North Dakota is the most biased. The bias units are in standard
deviations. Self-reported Hispanic identity is among first, second, and third-generation Hispanic immigrants
aged 17 and younger still living in intact families.

Note. Bias data is from the 2004-2021 Harvard’s Project Implicit Association Test scores. Identity data is
from the 2004-2021 Current Population Survey (CPS).
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FIGURE 3
MAPS OF STATE-LEVEL IMPLICIT ASSOCIATION TEST BiAS OVER TIME MEASURE WITH CENSUS DIVISION
REGIONAL BOUNDARIES
(A) STATE-LEVEL BIAS IN 2004 (B) STATE-LEVEL BIAS IN 2006
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Note. In this figure, I show the state-level implicit bias in different years in the sample. Each panel presents
state-level bias during a certain year. The boundaries in red represent the different Census divisions in the
United States. Notice how there is a variation across states with-in a region.
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FIGURE 4
MAPS OF STATE-LEVEL IMPLICIT ASSOCIATION TEST BIAS 2004-2021 MEASURE WITH CENSUS DIVISION
REGIONAL BOUNDARIES
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Note. In this figure, I show the state-level implicit bias in the sample of IAT tests from 2004 to 2021. The
boundaries in red represent the different Census divisions in the United States. Notice how there is a
variation across states with-in a region.

III.B. Measuring Prejudice

The implicit association test measures how people associate concepts—for example, Black
and dark-skinned people—and evaluations—good, bad. Respondents are asked to quickly
match words into categories shown on a screen. Figure (9) shows a few examples of what a
test taker would see on a skin tone implicit association test by Harvard’s Project Implicit.

I use skin tone implicit association test data to construct a measure of state-level preju-
dice (Greenwald et al., 1998). This measure has been used in the social sciences, especially

in psychology. Previous work has shown that IAT test scores are hard to manipulate (Egloff
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and Schmukle, 2002). *° Figure (2a) shows a graphical representation of the bias measure
over time in the most and least biased places. A lower score implies less light-skin bias,
whereas a higher score implies more discrimination against dark-skinned people. One-half
of a standard deviation increase in bias is equivalent to the moving from Washington DC
to North Dakota in 2012. I also show the state-level average bias over time in the maps in

figure (3) and the overall average from 2004 to 2021 in figure (4).

IV. ESTIMATION AND RESULTS

Let H f’; , be the self-reported Hispanic identity of person i in state s at the time of interview
t, let Biass; be the average state-level bias in state s at time ¢, DadCollegeGrad;s:, and
MomCollegeGrad;s: are indicator variables that are equal to one if the father or mother
graduated from college, Women;s; is an indicator variable for sex, and X4 is a vector of
controls.'! Additionally, y,; is region-time fixed effects that controls for region x year specific
shocks. The region x year also controls for systematic differences between regions in the
overall Hispanic population, or bias toward Hispanics, even if they vary over time.

I first estimate if state-level bias is correlated with self-reported Hispanic identity. I

estimate different specifications for each generation g. The basic equation I estimate is:

H¢ = ,B‘fBiasst + ,B‘gDadCollegeGradist + ﬁgMomCollegeGradist

1st

+ ,Bf;Womenist +Xitﬂ + vt + €ist;Where g €{1,2,3} 4)

I report the main results of estimating equation (4) in figure (5). I present the results of

10. Research showed that the IAT tests are correlated with economic outcomes (Chetty et al., 2020; Glover
et al., 2017), voting behavior (Friese et al., 2007), and health (Leitner et al., 2016). Participation in the IAT,
an online test, is voluntary. Therefore, the samples are not random and might suffer from selection bias in
who decides to take the exam. However, bias reflected by Implicit Association Test (IAT) scores as a way to
measure prejudiced attitudes has been used as a proxy for prejudiced attitudes in an area Chetty et al. (2020).

11. The controls include quartic age, fraction of population that is Hispanic in state s, type of parents (WH,
HW, or HH), type of grandparents (HHHH, HHHW), etc.), and dummy variables the generation to which person
i belong.
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estimating the main specification on all three generations in panel (A) and on sub-samples
of first-, second-, and third-generation immigrants in panels (B), (C), and (D) respectively. I
find that bias and self-reported Hispanic identity are negatively associated, while parental
education and self-reported Hispanic identity are positively associated. A one standard
deviation increase in state-level bias is associated with an 11 percentage points decrease in
self-reported Hispanic identity. Among first- and second-generation Hispanic immigrants,
a one standard deviation increase in state-level bias is associated with 7 and 13 percentage
points decrease in self-reported Hispanic identity.

I report the results of the same regression but on sub-samples of second-generation im-
migrants by type of parents—interethnic and endogamous parents—in figure (6). I present
the results of estimating the main specification on second-generation immigrants in panel
(A) and on sub-samples of HH, HW, and WH children in panels (B), (C), and (D), respectively.
I find that children of endogamous Hispanic marriages are more influenced by state-level
bias than those of interethnic marriages. I find that a one standard deviation increase in
state-level bias is associated with 15 percentage points decrease in self-reported Hispanic
identity among children of HH parents.

I also report the results of the regression on sub-samples of third-generation immigrants
by the number of Hispanic grandparents in table (3). I find that state-level bias is not
significantly associated with the self-reported Hispanic identity of children of inter-ethnic
grandparents. However, it is negatively associated with lower self-reported Hispanic iden-
tity of children of Hispanic grandparents. I find that a one standard deviation increase in
state-level bias is associated with a 14 percentage points decrease in self-reported Hispanic

identity.

14



FIGURE 5
RELATIONSHIP BETWEEN SELF-REPORTED HISPANIC IDENTITY AND BIAS: BY GENERATION

(A) ALL GENERATIONS (B) FIRST-GENERATION
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Note. 1show four panels of estimating equation (4). I include region x year fixed effects with controls for sex,
quartic age, and parental education. The dependent variable is self-reported Hispanic identity and the
independent variable is state-level bias. Each panel is the results from the same regression but on different
samples that are divided by generation. Standard errors are clustered on the state level. The samples include
first-, second-, and third-generation Hispanic children ages 17 and below who live in intact families.
First-generation Hispanic immigrants are children that were born in a Spanish-speaking county. Native-born
second-generation Hispanic immigrants are children with at least one parent born in a Spanish-speaking
country. Finally, native-born third-generation Hispanic immigrants are children with native-born parents
and at least one grandparent born in a Spanish-speaking country.
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FIGURE 6
RELATIONSHIP BETWEEN SELF-REPORTED HISPANIC IDENTITY AND BIAS: BY PARENTAL TYPES

(A) SECOND-GENERATION (ALL PARENTAL TYPES) (B) HISPANIC FATHERS-HISPANIC MOTHERS
College Graduate: Father ;0.08 -0.04
College Graduate: Mother ;0.06 -0.04
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Note. 1show four panels of estimating equation (4). I include region x year fixed effects with controls for sex,
quartic age, and parental education. The dependent variable is self-reported Hispanic identity and the
independent variable is state-level bias. Each panel results from the same regression but on different
samples divided by parental types. Standard errors are clustered on the state level. The samples include
second-generation Hispanic children ages 17 and below who live in intact families. Native-born
second-generation Hispanic immigrant children with at least one parent born in a Spanish-speaking country.
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TABLE 3
RELATIONSHIP BETWEEN BIAS AND SELF-REPORTED HISPANIC IDENTITY AMONG THIRD-GENERATION
HISPANIC IMMIGRANTS: BY GRANDPARENTAL TYPE

Number of Hispanic Grandparents

(1) (2) (3) (4)
One Two Three Four
Bias -0.04 0.03 0.19 -0.14*
(0.11) (0.09) (0.26) (0.07)
Female -0.01 0.00 -0.01 0.00

(0.01) (0.01) (0.01) (0.01)
College Graduate: Mother -0.11%** -0.07***  (0.02 -0.02
(0.03) (0.02) (0.02) (0.01)
College Graduate: Father -0.11*** -0.08***  0.02  -0.03*
(0.03) (0.01) (0.01) (0.01)

Observations 55,051 74,100 12,194 57,646
Year x Region FE X X X X

*p <0.1, ¥ p < 0.05, ¥** p < 0.01

1 Bach column is an estimation of equation (4) restricted to third-generation His-
panic immigrants by number of Hispanic grandparents with region x year fixed
effects. I include controls for sex, quartic age, fraction of Hispanics in a state, and
parental education. Standard errors are clustered on the state level.

2 The samples include third-generation Hispanic children ages 17 and below who
live in intact families. Native-born third-generation Hispanic immigrant children
with at least one grandparent born in a Spanish-speaking country.

3 Data source is the 2004-2021 Current Population Survey.
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V. ROBUSTNESS CHECKS AND DISCUSSIONS

I will investigate the relationship between state-level bias and interethnic marriages. To

this purpose, the regression specifications for the estimation will be as follows:

Interethnic?, = fBiass + X2, +Yri + Eist (5)

Where I nterethniclzst is an indicator variable that is equal to one if a couple is intereth-
nic, i.e., a Hispanic husband-White wife or a White husband-Hispanic wife. Biass; is the
average bias in state s at time ¢, and X izst is a vector of partner-specific controls that would
affect a marriage match that includes the wife’s and husband’s education, age, and years
since immigrating to the United States.

I present the results of estimating equation (5) in table (4). I find that a one standard
deviation increase in bias increases the probability of having inter-ethnic parents by a 5
percentage point. Moreover, I break down the analysis by the ethnicity of the couples. A one
standard deviation increase in state-level bias is associated a 6 percentage points increase in
the chances of a Hispanic husband having a White wife. A one standard deviation increase
in state-level bias is associated a 7 percentage points increase in the chances of a Hispanic
wife having a White husband. The fact that bias and interethnic marriage are positively
correlated could be a result of the fact that Hispanic immigrants in states with high bias
might aim to decrease the likelihood that their children will display Hispanic ethnicity sig-
nals. For example, Hispanic women in high bias states might marry a non-Hispanic White
husband, so their children will have a non-Hispanic last name.

I am also interested in investigating the relationship between state-level bias and mi-
gration. As the CPS does not report a person’s birth state, I use the 2004-2021 Censuses
to construct a sample of second-generation Hispanic immigrants (Flood et al., 2021). I con-
struct a mover variable to indicate whether these second-generation Hispanic immigrants

have moved from their birth state to another state. For this purpose, I use the following
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models to estimate the relationship between state-level bias and migration:

BirthPlaceMigration?st = ﬁ%Biasst + Xizstn +Yrt + Eist (6)
BirthPlaceMigration?lb = [S%Biaslb +Xi21b” +Yib+Eip (7)

Where BirthPlaceMi gration?st is an indicator variable equal to one if person i in state
s at the interview ¢ lives in a state that is different from his or her birth state and zero
otherwise. BirthPlaceM igration?l » 1s an indicator variable that is equal to one if person i
in birthplace / does not currently live in the same state he or she lived in at the year of birth
b and zero otherwise. The analysis, restricted to second-generation Hispanic immigrants
with both parents born in a Spanish-speaking country, uses equations (6) and (7).

Furthermore, I use two ways to define the bias variable to study the relationship between
bias and the migration variables introduced above. In the first specification from equation
(6), I estimate the relationship between the average bias at the time of the interview ¢
in state s and BirthPlaceM igration?st. In the second specification from equation (7), I
estimate the relationship between the average bias in birth state [/ at the year of birth b and
BirthPlaceMigration?lb.

I also estimate whether those who self-identify as Hispanic tend to move from high-bias

to low-bias states. The estimation equation for the relationship is:

2717 . 2
Yist = o+ PiHispanicis + X, + €5t (8

Where Y;s; = Bias;s — Bias;jp, Bias;g; 1s i’s state-level bias in state s at the time of
interview ¢, and Bias;;p is i’s state-level bias in birth state [ at the birth year 5. The
analysis is restricted to second-generation Hispanic immigrants with both parents born in a
Spanish-speaking country who migrated from the state they were born in b to another state

S.
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The results of estimating equations (6), (7), and (8) are shown in table (5) in columns (1),
(2), and (3) respectively. I find that among second-generation immigrants, there is no signif-
icant correlation between bias and migration decisions. Among second-generation Hispanic
immigrant movers, those who self-report Hispanic identity live in states with 0.02 standard
deviations more biased than the state where they were born. Even though this result shows
that there is selection into more biased states among second-generation immigrants, it does
not affect my main results showing a correlation between bias and self-reported Hispanic
identity. Since those identifying as Hispanics are the movers, my assessments of the rela-
tionship between bias and self-reported Hispanic identity might underestimate the effect of

bias.

TABLE 4
RELATIONSHIP BETWEEN BIAS AND INTERETHNIC MARRIAGES

Hispanic Men Hispanic Women

(1) (2) 3)

Interethnic Interethnic Interethnic

Bias 0.05%** 0.06%** 0.07%**

(0.01) (0.01) (0.01)
College Graduate: Wife 0.05%** 0.04%%%* 0.04%%%*

(0.00) (0.00) (0.00)
College Graduate: Husband 0.08%** 0.04%%* 0.06%**

(0.00) (0.00) (0.00)
Observations 477,672 433,232 434,297
Year x Region FE X X X

*p < 0.1, * p < 0.05, ** p < 0.01

! This is the result to estimating (5) as a linear probability model.

2 I include controls for partners’ sex, age, education, and years since immigrating to the United
States. Standard errors are clustered on the household level.

3 Data source is the 2004-2020 Current Population Survey Data.
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TABLE 5
RELATIONSHIP BETWEEN BIAS AND MIGRATION

(1) (2) (3)
Migrated from Migrated from Bias— Bias:
Birth Place Birth Place 1a8ist — DIASilh
Biasg; 0.06
(0.12)
Biasjy -0.09
(0.26)
Hispanic 0.02%**
(0.01)
Female 0.00 0.00 0.00*
(0.00) (0.00) (0.00)
College Graduate: Mother 0.03%#** 0.03%#** 0.00
(0.01) (0.01) (0.01)
College Graduate: Father 0.02%%* 0.02%** -0.01
(0.01) (0.01) (0.01)
Observations 352,712 185,024 12,806
Mean 0.09 0.09 -0.02
Year x Region FE X
Birthyear x Birth Region FE X

*p < 0.1, ** p < 0.05, ** p < 0.01

I Each column is an estimation of equations (6) in column (1), (7) in column (2), and (8) in column (3).
2 Column (1) is a regression where the left hand side variable is a dummy variable that is equal to one
if a person migrated from the state were born in and the right hand side variable is bias the year of
survey. Column (2) is a regression where the left hand side variable is a dummy variable that is equal
to one if a person migrated from the state were born in and the right hand side variable is bias the
year of birth in the state of birth. Column (3) is a regression where the left hand side variable is the
difference between state-level bias during the year of the survey in the current state the respondent
is living in, and state-level bias during the year of birth in the state of birth and the right hand side
variable is self-reported Hispanic identity. This regression captures the selection of those that self-
reported Hispanic identity into states with different levels of bias. I include controls for sex, quartic
age, parental education, fraction of Hispanics in a state, and region x year fixed effects. Standard errors
are clustered on the state level.

3 The samples include children ages 17 and below who live in intact families. Native-born second-
generation Hispanic immigrant children with both parents born in a Spanish-speaking country. The
sample in the column (3) regression is further restricted to only those that migrated from their birth
state.

4 Data source is the 2004-2021 Census Data.

The findings presented in this paper indicate a negative correlation between bias and the

self-reported Hispanic identity of Hispanic immigrants. While my aim is not to establish a
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causal effect of bias on self-reported Hispanic identity, I intend to illustrate a correlation
between bias and self-reported identity. This correlation suggests that depending on the
levels of bias in a state, racial and ethnic gaps that rely on self-reported identity might
either overestimate or underestimate the effect of discrimination.

There are a couple of concerns with this analysis. First, the self-reported identity in the
Current Population Survey (CPS) is reported by a household respondent—parent or adult
caregiver. Thus, the ’self-reported’ ethnic identity might not reflect a child’s true identity. I
view the identity that a parent or a caregiver reports as an accurate representation of the
child’s identity since parents are essential in shaping their children’s sense of self. Also, I
compare states with a high and low bias for my analysis. The estimates will not be threat-
ened as long as the likelihood of self-reporting does not differ between these states.

Moreover, Duncan and Trejo (2011a) show that reported Hispanic identification does not
vary with who is the household respondent. Additionally, I present the main effect of self-
reported Hispanic identity by the household respondent in table (6) and the results to the
estimation of equation (4) by the proxy respondent in table (7) across all generations. The
main effect of the reported Hispanic identity of children is 94 percentage points when the
mother is the proxy, 92 percentage points when the father is the proxy, and 96 percentage
points when the child or another caregiver was the household respondent.'? The estimation
of equation (4) by the proxy respondent, table (7), mostly yields a negative effect of bias on

self-reported Hispanic identity for all types of proxy respondents.

12. According to the Current Population Survey (CPS), a person can be the household respondent if they
are at least 15 years old and have enough knowledge about the household. Thus, when the proxy is ’self,; the
respondent is between the ages of 15 and 17.
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TABLE 6
MAIN EFFECT OF PROXY ON SECOND-GENERATION’S HISPANIC SELF-IDENTIFICATION

Parents Type All Hispanic-Hispanic Hispanic-White White-Hispanic

Proxy:
Mother 0.94 0.96 0.9 0.84
Father 0.92 0.96 0.86 0.8
Self 0.96 0.97 0.9 0.84
Others 0.96 0.97 0.92 0.9

A second concern is that the IAT is voluntary and not representative of the population.
While I do not claim that the IAT as a proxy for bias will represent the population, Egloff
and Schmukle (2002) show that they are hard to manipulate. Several studies have shown
that IAT is correlated with economic outcomes (Chetty et al., 2020; Glover et al., 2017), vot-
ing behavior (Friese et al., 2007), decision-making (Bertrand et al., 2005; Carlana, 2019),
and health (Leitner et al., 2016). Another concern could be that the IAT test takers’ charac-
teristics change over time and, thus, are not the same. I address this concern by including
non-parametric region x year fixed effects that would control for the systematic difference
in the characteristics of test takers between regions. These changes will be controlled for as
long as the differences in the characteristics between test takers do not vary across states
within a region.

Another concern could be reverse causality between having more Hispanic people in a
state and implicit bias. It could be the case that the number of Hispanic people in a state
affects the implicit bias on the residents of that state. For example, having more Hispanics
in Florida could affect the implicit bias of the residents of Florida. To show that this is
not the case, I provide figures (7) and (8) as evidence. Figure (7) plots the percent of self-
reported Hispanics in a state at a specific year against the average implicit bias in the same
state during that year. Figure (8) plots the percent of objectively second-generation Hispanic
children of endogamous marriages in a state at a certain year against the average implicit
bias in the same state during that year. I find no correlation between bias and the number

of Hispanics in a state, thus, making the case of reverse causality unlikely.
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Finally, the estimator of the relationship between bias (prejudice) and self-reported His-
panic identity could be biased if those that do not self-report Hispanic identity migrate to
more prejudiced states. I have shown above that this is not the case (table 5). I find no evi-
dence of a relationship between migration decisions and bias. Additionally, I find that those
reporting Hispanic identity moved out of birthplaces with less bias and lived in more biased
states at the time of the survey. Thus, my results might underestimate the relationship

between bias and self-reported Hispanic identity.

VI. CONCLUSION

As the United States becomes more multi-racial and multi-ethnic, self-reported identity will
significantly affect on representation, distributive politics, and government transfers. The
determinants of endogenous identity are particularly important to researchers interested
in the role of discrimination on earnings gaps. In this paper, I show how individual char-
acteristics and social attitudes toward racial and ethnic minorities affect the self-reported
Hispanic identity of individuals with Hispanic ancestry in the United States. I find that peo-
ple of Hispanic ancestry are less likely to identify as Hispanic in states with more significant
bias. The relationship between self-reported Hispanic identity and bias is more prominent
among first- and second-generation immigrants, where a one standard deviation increase in
bias correlated with a 7 and 13 percentage points decrease in self-reported Hispanic identity.

Additionally, state-level bias has a more substantial effect among second-generation im-
migrant children with Hispanic fathers and Hispanic mothers. A one standard deviation
increase in bias correlates with a 15 percentage points decrease in self-reported Hispanic
identity among second-generation Hispanic immigrant children of objectively Hispanic par-
ents. I also find that bias positively correlates with interethnic marriage and not with mi-
gration decisions.

The results are important because of the consequences on the correct counting of His-

panics and minorities, and assimilation and mobility. They could indicate that bias could
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significantly affect how economists estimate the earnings gap. Most research concerning
race and ethnicity relies on self-reported race and ethnic identity measures. Since state-
level bias is negatively correlated with self-reported Hispanic identity, the characteristics of
those who do not self-report Hispanic identity could have important consequences. For ex-
ample, if the people whose identities are most likely affected by bias are the most educated.
In this case, the racial and ethnic gaps will be overestimated in the most biased states. Fur-
thermore, identity decisions are likely to affect people’s choices, investments, and well-being
profoundly.

Moreover, this study could encourage further research into the relationship between
bias and self-reported identities for other groups. The analysis of the effect of bias on self-
reported identity could be applied to other groups. For example, we could estimate the effect
of bias on the identities of sexual minorities and other ethnic and racial minorities such as
Asian American, Black, Native American, and Arab American populations in the United
States. Researchers could also explore the differences in outcomes between the ethnic and

racial minorities who self-report to those that do not by using restricted administrative data.
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APPENDIX A: TABLES

TABLE 7
RELATIONSHIP BETWEEN BIAS AND SELF-REPORTED HISPANIC IDENTITY: BY PROXY RESPONDENT

Proxy Respondent

White Mother Hispanic Mother White Father Hispanic Father Self Other
1) (2) 3) 4) (5) (6)
Hig Hig Hig Hig Hig Hig
Prejudice Measure 0.01 -0.06 -0.13 -0.07%** -0.07 -0.17%*
(0.11) (0.03) (0.11) (0.02) (0.05) (0.07)
Female -0.01 0.00 0.01 0.00%%%* 0.00 0.00
(0.01) (0.00) (0.01) (0.00) (0.01) (0.00)
College Graduate: Mother -0.02 -0.03%%* -0.04%** -0.03%** -0.03*  -0.03%***
(0.02) (0.01) (0.02) (0.01) (0.02) (0.01)
College Graduate: Father -0.09%** -0.05%%* -0.01 -0.03%** -0.10%¥*  -0.06%**
(0.02) (0.01) (0.02) (0.01) (0.02) (0.01)
First Gen -0.10* 0.07%%* 0.03 0.09%** 0.13***  (.,08%***
(0.06) (0.01) (0.05) (0.02) (0.02) (0.02)
Second Gen 0.05% 0.04%%%* 0.06%** 0.05%%%* 0.12%%%  (,07%**
(0.03) (0.01) (0.02) (0.01) (0.02) (0.02)
Observations 64,052 380,625 47,233 267,690 10,472 69,301
Year x Region FE X X X X X X

*p < 0.1, ** p < 0.05, ** p < 0.01

I Each column is an estimation of a heterogeneous effect of regression (4) by the proxy household respondent with region x year fixed effects. I
include controls for sex, quartic age, fraction of Hispanics in a state, parental education. Standard errors are clustered on the state level.
2 The samples include children ages 17 and below who live in intact families. First-generation Hispanic immigrant children that were born in
a Spanish-speaking county. Native-born second-generation Hispanic immigrant children with at least one parent born in a Spanish-speaking
country. Finally, native-born third-generation Hispanic immigrant children with native-born parents and at least one grandparent born in a

Spanish speaking country.

3 Data source is the 2004-2021 Current Population Survey.
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APPENDIX B: FIGURES

FIGURE 7
SCATTER PLOT OF PROPORTION SUBJECTIVELY HISPANIC ON BIAS
(A) YEAR < 2015
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FIGURE 8
SCATTER PLOT OF PROPORTION SECOND-GENERATION AND BOTH PARENTS BORN IN A
SPANISH-SPEAKING COUNTRY ON BIAS
(A) YEAR < 2015
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APPENDIX C: DATA

FIGURE 9
EXAMPLES OF AN IMPLICIT ASSOCIATION TEST

Press "E' for Press "I' for

Implicit Association Test

Next, you wil use tne 'E' and ' computer keys to calegorize items into groups as fast as you can. These are the four groups andt
the items that belong to each:

category toms

Good

Delgnt, Enjoy, Laughing, Exctement, Tort, Lovel, Pleasure, Love

Humilate, Annoy, Angry, Hortic, Despise, Uly, Tragic, Evil

There are seven parts. The instructions change for each part. Pay attention!

If you make a mistake, a red X will appear. Press the other key to continue.
Press "E" for Press "I" for Press "E" for Press "I for
Bad Good
Part 1 of 7

Put a left finger on the E key for items that belong to the category Light
Skinned People.

Put a right finger on the I key for items that belong to the category Dark
Skinned People.

Items will appear one at a time.

Enjoy

If you make a mistake, a red X will appear. Press the other key to continue.
Go as fast as you can while being accurate.

Press the space bar when you are ready to start. If you make a mistake, a red X will appear. Press the other key to continue.

Bad
or

Press "I' for

Good
or

Tragic

If you make a mistake, a red X will appear. Press the other key to continue.

Note. Here are a few examples of what a respondent would see on an implicit association test.
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