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Abstract

Immigrant destination typologies are increasingly used to compare immigrant
outcomes across geographic areas within the United States. Results from analyses that
use destination typologies, however, are sensitive to the choice of criteria that defines
destination types, as well as to variations in the geographic unit of analysis. Destination
categories may also mask important sources of intra-destination variation. I argue that the
study of immigrant destinations could benefit from the use of multilevel modeling.
Multilevel models allow researchers to examine how the characteristics of destinations
and the individuals within them produce variations in outcomes across immigrant-
receiving areas. To demonstrate the utility of this approach, I use the 2005-2009
American Community Survey to examine patterns of school non-enrollment among
Mexican origin 15-17 year-olds across U.S. states. My models assess how individual and
state-level factors produce between-state variation in the likelihood of Mexican origin
non-enrollment. I argue that this modeling technique can inform the future study of

immigrant outcomes across destinations.



Introduction

What is a “new” immigrant destination? Researchers who study new immigrant
destinations often conceptualize these places in a similar way, as locations that had a
negligible foreign-born presence prior to the 1990s and experienced significant growth in
the immigrant population thereafter. Despite this conceptual congruence, most studies of
new immigrant destinations define the boundaries of new and other types of destinations
differently. For instance, Singer (2004, 2008) creates a six-category destination typology
for metropolitan areas that takes into account an area’s historical experience as an
immigrant destination, as well as recent and projected foreign-born growth rates. Her
typology includes former gateways (places that received earlier waves of migrants but are
no longer immigrant destinations), continuous gateways (places that have continuously
received immigrants, such as New York and Chicago), Post-World War II gateways
(places that became immigrant destinations after World War II), emerging gateways
(places that have experienced rapid immigration in the past 25 years), re-emerging
gateways (places that were major immigrant destinations in the early 20" century,
followed by a hiatus in the middle of the century, and a resurgence in recent decades) ,
and pre-emerging gateways (places that experienced rapid growth in the foreign-born
population in the1990s, and are poised to experience further growth in the future). In
contrast, other studies distinguish new from established and other types of destinations
based on two factors: 1) the proportion of immigrants living in a given geographic unit of
analysis in a baseline year; and 2) the rate of growth in the foreign-born population in the
geographic unit of analysis between the baseline year and a subsequent time period (see

Fischer 2010; Lichter et al. 2010; Park and Iceland 2011).



The diversity of destination typologies in the current literature on new immigrant
destinations poses a number of challenges for researchers seeking to generalize findings
across studies. First, the number of destination categories typically varies across studies.
Second, researchers often use a different set of criteria to define a geographic area as a
new destination. As a result, the proportion of the total ethno-racial population that is
reported to be living in new destinations differs across studies. This has important
implications for study findings, and may be one reason why studies researching the same
social phenomenon reach divergent conclusions (see, for example, Fischer and Tienda
2006, Lichter et al. 2010, and Park and Iceland 2011, on segregation levels in new
destinations). Finally, destination typologies may mask intra-destination heterogeneity.
By design, destination typologies categorize geographic areas together based on a
common immigration history. The literature on immigrant destinations, however, reveals
substantial heterogeneity among places that are commonly considered to be new
destinations. The “new destinations” label may thus obscure other contextual factors that
drive inter-place variation in outcomes that are used to measure immigrant incorporation.

As researchers move forward in the study of immigrant incorporation across
destinations, it will become increasingly important to acknowledge the limitations of
destination typologies. I argue that the field should pay greater attention to identifying
the specific contextual factors that shape common or divergent outcomes among
immigrants across destinations. These factors may include variables related to a
destination’s immigration history, but could also include other contextual factors that
previous research has shown to be relevant to the outcome of interest. I posit that the

literature on new destinations would benefit from the use of multilevel statistical models.



Multilevel modeling provides an understanding of how individual, household, and
external factors work together to create between-destination variations in the outcome of
interest. The use of multilevel modeling would allow researchers to identify the variables
that generate heterogeneity in outcomes across destinations, while remaining agnostic
about defining destinations as “new” or “established.”

In this paper, I demonstrate the utility of a multilevel approach to understanding
between-place heterogeneity in immigrant outcomes, by examining variations in the
likelihood of school non-enrollment among Mexican origin 15-17 year-olds' across U.S.
states. I use individual and household data from the 2005-2009 American Community
Survey (ACS) to construct several individual-level (level 1) variables that may influence
patterns of non-enrollment across states. In addition, I use a 1990 decennial census 5%
microdata sample, the 2005-2009 ACS, and the 2010 ACS to create three types of state-
level (level 2) variables that may explain variations in Mexican origin non-enrollment
across states: immigration history, peer composition, and educational context.

I find considerable variation in Mexican origin non-enrollment rates across states.
Compositional factors, particularly immigrant generational status, play a major role in
explaining between-state variance in the likelihood of non-enrolment. Surprisingly,
immigration history variables that are commonly used in destination typologies (the
percent foreign born in the state in 1990 and percent foreign-born growth rates from 1990
to 2010) have a negligible influence on between-state variation in the likelihood of
Mexican origin non-enrollment. Additionally, these variables do not have significant

effects on the log odds of Mexican origin non-enrollment, net of compositional factors.

' refer to 15-17 year-olds as “adolescents” throughout this analysis.



In contrast, variables related to the context of education in the state, particularly the
percent of non-Hispanic White 15-17 year-olds who are not enrolled in school, reduce
between-state variation in Mexican origin non-enrollment. The likelihood of non-
enrollment also increases significantly as the percent of non-enrolled NH Whites in the
state increases, net of the compositional factors. These results suggest that researchers
should proceed with caution when assuming that immigration history plays an all-
important role in shaping heterogeneous outcomes across destinations.
Background

Prior to the 1990s, immigrant settlement in the United States followed a
predictable geographic pattern, with the majority of immigrants settling in urban areas in
a handful of immigrant-receiving states. Portes and Rumbaut (2006) note that this
consistent spatial pattern was largely the result of the “characteristic economics of
immigration,” in which immigrants were drawn by co-ethnic recruitment into entry level
or low-skilled jobs in urban areas undergoing economic growth (58-59). This pattern
began to shift in the last decades of the 20" century, with increasing numbers of
immigrants settling outside of established gateways, in “new destinations” such as
Marshalltown, lowa and Dalton, Georgia (Zufiiga and Hernandez-Leon 2005). A number
of factors have helped to “push” immigrant origin populations out of established
gateways and “pull” them into new destinations, including comprehensive immigration
reform in the 1980s, nativist hostility in established gateways such as California, border
control policies that have inadvertently increased immigrant settlement by raising the cost

of circular migration, and industrial relocation and restructuring in sectors that involve



manual labor, such as meatpacking (Massey and Capoferro 2008; Parrado and Kandel
2008).

Mexican origin immigrants account for a sizeable proportion of the foreign-born
population living in non-established destinations. In 2005, approximately 30 percent of
all recent Mexican immigrant arrivals (individuals who entered the country in the
previous five years) were living outside of the “Big Five” states of immigration
(California, Texas, Florida, Illinois, New York), nearly double the percentage of Mexican
origin new arrivals that resided outside of these states in 1990 (Massey and Capoferro
2008: 40). Recent immigrant arrivals from other regions, including Asia and Other (non-
Mexican) Latin American countries have also been drawn into areas outside of the Big
Five established gateway states (Massey and Capoferro 2008).

The emergence of new immigrant destinations has coincided with a proliferation
of studies that seek to incorporate new destinations into the broader fold of theories of
immigration and assimilation. I conceptualize the previous research on immigrants in
new destinations as proceeding in two waves.” The first wave of research focused on
describing the emergence of new destinations and generating explanations for these
changing patterns of immigrant settlement. In addition, studies in the first phase of
research sought to understand the dynamics of incorporation for immigrants in new
destinations by addressing such questions as “who immigrates to new destinations?” and
“how are these immigrants received?” Studies in two edited volumes, Zufiga and
Hernandez-Ledn’s New Destinations: Mexican Immigration in the United States (2005)

and Douglas Massey’s New Faces in New Places (2008), typify this wave of research.

% These waves of research are not necessarily chronologically distinct. In dividing the previous research on
new destinations into these two waves, I seek to highlight differences in content and methodological
approach, rather than differences in timing.



These volumes include both quantitative and qualitative studies, with many studies taking
a localized approach to understanding immigrant destinations. To be sure, most of the
research in these two volumes focuses on specific new destination communities, such as
Marshalltown, Iowa (Grey and Woodrick 2008) or particular new destination industries
such as meatpacking and construction (Parrado and Kandel 2008).

Importantly, the first wave of research on new destinations has shown that,
compared to established urban immigrant gateways, new destinations are extremely
diverse. New destinations include suburban areas (Hardwick 2008), nonmetropolitan
“offset” counties—places where the immigrant population has offset the decline of the
native-born population (Donato et al. 2008), and nonmetropolitan areas that were
previously dominated by non-Hispanic whites (Kandel and Cromartie 2004). In addition,
urban places that have been historical gateways for some immigrant groups have become
new destinations for others. For instance, Mexican origin immigrants have recently
begun to settle in New York City (Smith 2006), a quintessential established immigrant
gateway.

The second wave of research on immigrants in new destinations is largely
comparative and inferential. In this phase of inquiry, researchers often use large,
nationally representative datasets and multivariate analysis to compare immigrant
outcomes across new versus other types of destinations, and examine the determinants of
these variations. This wave of research is partly a response to Waters and Jiménez’s
(2005) call for new destinations to be integrated into theories of immigrant assimilation.
Many studies in this phase of research compare outcomes related to immigrant

asimilation, such as segregation (Fischer and Tienda 2006; Lichter et al. 2010; Park and



Iceland 2011) and school non-enrollment (Fischer 2010), across destinations. This wave
of research is particularly concerned with determining whether new destinations
contribute positively or negatively to immigrant outcomes compared to other types of
destinations, net of compositional factors. For instance, a recent study by Fischer (2010)
compares school non-enrollment rates among 15-17 year-old across four types of
destinations (new, established maintaining, established growing, and non-destinations),
and assesses whether these differences persist when compositional factors related to
social origins are taken into account. She finds that the likelihood of non-enrollment is
persistently higher for 15-17 year-olds in new destinations than in established
maintaining destinations, net of compositional factors.

This wave of research is dominated by the use of destination typologies that use a
given set of criteria to define the boundaries of new versus other types of destinations.
As discussed, many researchers conceptualize new destinations similarly, viewing them
as places that had a negligible foreign-born presence prior to a baseline time period and
experienced rapid foreign-born growth thereafter. In practice, however, researchers do
not measure new destinations in the same way. The number of destination categories
within a typology may vary across studies. For instance, while Singer (2004) uses a six-
category typology to describe the immigration history of metropolitan areas, a recent
study of non-enrollment across destinations (Fischer 2010) uses four categories (new
destinations, established growing destinations, establishing maintaining destinations), and
two other recent studies of segregation across destinations (Lichter et al. 2010; Park and
Iceland 2011) use three categories (new destinations, established destinations, and

“other” types of destinations).



Studies that use a similar number of destination categories may also measure
destinations differently. To provide an example, I compare the destination typologies
used in three recent studies of differences in Hispanic segregation levels across
destinations in 1990 and 2000 (Fischer and Tienda 2006; Lichter et al. 2010; Park and
Iceland 2011).> Fischer and Tienda (2006) analyze the top 100 metropolitan areas, and
divide these areas into three categories: Traditional metros, new Hispanic destinations,
and other large metros. Traditional metros are defined as the 29 metro areas in the
Southwestern states (Texas, New Mexico, Colorado, Arizona, and California) and the
established gateway cities of Miami, New York City (including Newark, NJ), and
Chicago. New Hispanic destinations include 50 metropolitan areas that cannot be
defined as traditional metros and where the Hispanic population increased “appreciably”
from 1980 to 2000 (2006:103). Fischer and Tienda do not provide a clear cut-off point to
distinguish new Hispanic destinations from other large metros, but note that the percent
foreign-born within new Hispanic destinations doubled, from 6 to 12 percent, from 1980
to 2000. Other large metros include the remaining 21 metropolitan areas that had less
than a 5 percent Hispanic population in all years of the analysis (1980, 1990, 2000).

Similar to Fischer and Tienda, Park and Iceland (2011) limit their analysis to the
top 150 metropolitan areas. Park and Iceland seek to consolidate Singer’s (2004, 2008)
typology into three categories: Established gateways, new destinations, and other
gateways. They define established gateways as places where the proportion of foreign-
born individuals within the metropolitan area was greater than the national average

proportion of foreign-born individuals for each decade of the 20™ century, or where the

3 Fischer and Tienda (2006) also examine segregation patterns in 1980.



proportion of foreign-born individuals exceeded the national average after World War II.
New destinations are defined as non-established gateways that had small foreign-born
populations prior to1970 and growing foreign-born proportions after 1980. Similar to
Fischer and Tienda (2006), Park and Iceland do not provide a clear cut-off point for
distinguishing new destinations from other gateways. Other gateways are considered
metropolitan areas that cannot be defined as either established gateways or new
destinations.

In contrast to Fischer and Tienda, and Park and Iceland, Lichter et al. (2010)
define destinations at a lower level of geography-- the “place” level. The universe of
places includes metro central cities, metro suburban places, and non-metropolitan places
(n=21,093). An advantage to this approach is that it includes non-metropolitan areas,
which account for some of the growth of new immigrant destinations (Kandel and
Cromartie 2004). Lichter et al. do not use data on the size and growth of the total
foreign-born population to categorize destinations, but focus exclusively on the size and
growth of the Hispanic population. Established places are defined as places where
Hispanics represented 18 percent or more of total population in 1990 (double the overall
proportion of Hispanic individuals living in the U.S. in 1990). Places must meet three
criteria to be defined as new destinations: 1) The proportion of Hispanics living in the
place had to be lower than the national average in 1990 (9 percent); 2) The total Hispanic
population had to have grown by at least 200 individuals from 1990 to 2000; 3) The
Hispanic growth rate from 1990 to 2000 had to exceed the national average by one
standard deviation. “Other” Hispanic places are those that cannot be considered

established places or new destinations.
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Inconsistencies in the geographic unit of analysis and the criteria used to define
destinations in these three studies make it difficult to compare findings across studies. In
addition, variations in the measurement of new, established, and “other” destinations
imply that different proportions of the Hispanic population are reported to be living in
places that are considered to be new destinations. In Fischer and Tienda’s (2006)
analysis, for example, approximately 16 percent of all Hispanics living in metropolitan
areas are living in new destinations, whereas Park and Iceland (2011) report that 26.4
percent of all Hispanics are living in new destinations. In Lichter et al.’s (2010) analysis,
only 1.2 percent of all Hispanics in 2000 were living in places they define as new
destinations. As a result, each of these analyses is referring to different subgroups within
the Hispanic population using the same nomenclature— “new destinations.”

Variations in destination typologies may also help to explain why these studies
reach divergent conclusions. Lichter et al. (2010) find that Hispanic-white segregation is
higher in new destination places than in established destination places, whereas Fischer
and Tienda (2006) and Park and Iceland (2011) find that Hispanic-white segregation in
metro new destinations is generally lower than in established metros. These conflicting
results could also be due to variations in the geographic unit of analysis. Findings from
studies that use distinct destination typologies will thus always be sensitive to both the
geographic unit of analysis and the criteria used to distinguish new from established and
other types of destinations.

Beyond measurement concerns, an over-reliance on destination typologies could
overshadow intra-destination heterogeneity. By design, destination typologies emphasize

between-group differences (new versus established destinations) rather than within-group
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differences (intra-group variation in new destinations, for example). As discussed, new
destinations are diverse on several measures, including metropolitan status and the types
of populations that lived in the destination prior to the arrival of immigrants. Current
studies are beginning to quantify this variation. In their analysis of segregation patterns
across destinations, for example, Fischer and Tienda (2006) note that the average level of
segregation for the entire population of new destination metropolitan areas masks
substantial variation in segregation levels across new destination metros. They attribute
this variation to differences in size, pre-existing minority populations, and the timing of
the arrival of Hispanics.

A destination’s immigration history may not be a major determinant of certain
outcomes related to immigrant assimilation. For instance, the factors that shape
segregation in Atlanta, Georgia, may not be the same as those that influence segregation
in Lincoln, Nebraska, despite the fact that these areas are both considered new
destinations (see Park and Iceland 2011: 816). It may not necessarily be the “newness”
of a destination that matters for immigrant outcomes, but rather the institutional
arrangements that are found within the destination (Waters and Jiménez 2005). As
research on immigrants in new destinations proceeds, it will be increasingly important to
recognize sources of heterogeneity within new destinations, rather than solely focus on
comparisons between new and established destinations.

Approach

I argue that the literature on ethno-racial differences across destinations would

benefit from the use of multilevel statistical models. These models can be used for data

that exhibits a hierarchical structure, where one unit of analysis (individuals, for example)
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is nested in another unit of analysis (states, for example). Multilevel modeling can allow
researchers to examine the factors that produce variation in immigrant outcomes across
destinations, without defining destinations as new or established at the beginning of the
analysis. I argue that the use of multilevel modeling would benefit the study of
immigrants in new and other types of destinations in two ways. First, multilevel models
allow researchers to refrain from defining destinations discretely as “new” or
“established.” This ensures that results are not sensitive to the criteria used to establish
destination categories. Second, multilevel models allow researchers to examine how
level 1 and level 2 factors influence variation in immigrant outcomes across destinations.
These models can help researchers to determine whether variations in outcomes across
destinations are due to compositional factors (individual and household characteristics) or
contextual factors, such as a place’s immigration history. In sum, multilevel models can
help researchers to gauge the extent to which a destination’s immigration history matters
for a given outcome, compared to compositional factors and other contextual attributes.
In this analysis, I demonstrate the utility of a multilevel approach by analyzing
patterns of school non-enrollment among Mexican origin 15-17 year-olds across U.S.
states. I run a series of multilevel models where Mexican origin adolescents (level 1 unit
of analysis) are nested in 50 states and the District of Columbia (level 2 unit of analysis).
In these models, the intercept is allowed to vary by state. This produces a variance term
for the intercept, which represents the overall between-state variance in the log odds of
Mexican origin non-enrollment. The models also estimate random effects parameters for
each state, which represent the state’s deviation from the overall mean of the states” mean

log odds of non-enrollment. These models thus quantify levels of variation in Mexican
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origin non-enrollment across states and identify states where Mexican origin adolescents
have higher or lower than average probabilities of non-enrollment. In addition,
covariates that produce changes in the variance of the intercept and the state random
effects parameters provide information about the factors that drive variation in Mexican
origin non-enrollment across states. As I will demonstrate, multilevel models shed light
on the relative importance of individual background factors (immigrant generation,
parental education, family status) and state-level factors (immigration history, peer
composition, educational context) in shaping between-state differences in patterns of
Mexican origin non-enrollment.
Data

For the analysis presented here, I use the individual and household records of 15-
17 year-olds in the 2005-2009 American Community Survey (ACS), from the Integrated
Public Use Microdata Series (Ruggles et al. 2010). I also create a file of state-level
variables, using three datasets from [IPUMS: the 1990 decennial census 5% state
microdata sample (weighted), the 2010 ACS (1% probability sample, weighted), and the
2005-2009 ACS (an aggregate of five 1% probability samples from 2005-2009,
weighted). To construct the sample for analysis, I extract the data records of all 15-17
year-olds in the 2005-2009 ACS. For 15-17 year-olds who live with one or two parents
in the household, I merge the parental data record/s with the individual 15-17 year-old
data record. For 15-17 year-olds who do not live with a parent in the household, I use the
householder record as a proxy for the parental record.

A group of 15-17 year-olds does not live with parents and does not have an

available householder record. This group includes individuals in group quarters (such as
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institutional inmates) and individuals who are the householder (i.e. the individual who
filled out the survey). During the household record matching process, individuals who
live in institutional group quarters are dropped from the analysis. Individuals who
consider themselves the householder are included and the analysis, and are flagged using
dummy variables in the analysis.

The final sample of non-institutionalized 15-17 year-olds in the 2005-2009 ACS
includes 637,103 cases. Approximately 65.3 percent of 15-17 year-olds in the final
sample are matched with both a mother and father record (both mother and father are
located in the household), 22.2 percent are matched with a mother record, 6.1 percent are
matched with a father record, 6.1 percent are matched with a householder record (no
mother or father is present in the household), and .3 percent are not matched with a
parental or householder record (no mother or father is present in the household and the
15-17 year-old is the householder).

For the multi-level analysis, I examine variation in school non-enrollment across
states only for the Mexican origin 15-17 year-old population. A subject is identified as
Mexican origin if he/she meets one or more the following criteria: 1) The subject was
born in Mexico; 2) At least one of the subject’s parents was born in Mexico; 3) The
subject is identified as “Hispanic- Mexican” on the Hispanic origin question. Among the
final 15-17 year-old sample in the 2005-2009 ACS, I identify approximately 71,269
subjects as adolescents of Mexican origin (11.2 percent of all 15-17 year-old cases). For
some portions of the analysis, I create a subset of Non-Hispanic White (NH White) and
Non-Hispanic Black (NH Black) 15-17 year-olds. There are approximately 357,701 NH

White 15-17 year-old subjects in the 2005-2009 ACS dataset (70.6 percent of all 15-17
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year-olds), and 66,438 NH Black 15-17 year-old subjects (13.11 percent of all 15-17
year-olds).

Variables

Individual-Level Variables (Level 1 Variables)

In the descriptive and multilevel analysis, I examine several individual-level
variables that have been shown to predict levels of school non-enrollment and other
educational outcomes. Immigrant generational status is a central variable in this study.
As Rumbaut (2004) describes, immigrant generational categories indicate the degree of
removal between those who engage in the act of migration and their descendants.
Generational groups also encapsulate the degree of exposure that individuals have had to
the receiving society and its institutions. In this analysis, I use an approximation of
Rumbaut’s (2004) typology to classify the Mexican origin population into four categories
by nativity and age at arrival: The 1.25 generation, 1.5 generation, 1.75 generation, and
the native-born, or second and higher generations. Hirschman (2001) finds a difference
in the likelihood of school non-enrollment among foreign-born immigrant adolescents by
age of arrival, which further justifies the use of Rumbaut’s typology.

The 1.25 generation includes those who migrated after the age of 12-- the most
recent arrivals. As several researchers note (Hirschman 2001; Oropesa and Landale
2009), some recent arrivals that are not enrolled in school may be labor migrants who
never enroll in school in the United States. The 1.5 generation includes individuals who
arrived between the ages of 6 and 12, and likely had some schooling in Mexico. These
individuals will not face the same number of obstacles to integration as new arrivals, but

may still experience problems due to the discontinuities associated with attending school
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in two different countries. The 1.75 generation are adolescents who arrived in the United
States by the age of five. The 1.75 generation should be more integrated into the United
States school system than the 1.5 and 1.25 generations, given that they have spent the
majority of their school-aged lives in the United States. For this reason, the 1.75
generation is often considered comparable to the immigrant second generation (see, for
example, Perlmann 2005, and Kasinitz et al. 2008).

The elimination of the parental birthplace question from the decennial census in
1980 makes it difficult for researchers to differentiate the immigrant second generation
from the third and higher generations in census data (Hirschman 1994). This problem is
not resolved in the ACS, which does include a parental birthplace question. The parental
record matching technique described above helps me to identify parental birthplace in my
analysis, but only for the subset of adolescents that are living with at least one parent.
Thus, I cannot accurately identify the immigrant generational status of native-born
Mexican origin individuals who do not live with either parent, or who live in single-
parent households where the parent living in the household is native-born and the parent
living outside the household is foreign-born. For this reason, I classify all second and
higher generation immigrants together as native-born. I also identify non-citizens, who
are foreign-born individuals that lack citizenship status, were not born abroad to
American parents, and have not been naturalized. In multilevel logistic regressions, I do
not control for citizenship status, because it is highly correlated with immigrant
generational status. Approximately 93.5 percent of 1.25 generation Mexican origin
adolescents are non-citizens, and 88.4 and 78.4 percent, respectively, of 1.5 and 1.75

generation Mexican origin adolescents are non-citizens.
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Family structure is a powerful predictor of educational non-enrollment. Previous
studies show that living in a single-parent family exerts a significant, negative impact on
educational enrollment and high school completion (McLanahan 1985; Sandefur,
McLanahan, and Wojtkiewicz 1992; Landale, Oropesa, and Llanes 1998; Hirschman
2001). For the Hispanic population, living in a single parent or stepparent family
increases the odds of high school dropout or failure to complete a high school degree
relative to individuals in two-parent family structures (Wojtkiewicz and Donato 1995;
Landale, Oropesa, and Llanes 1998; Perreira, Harris, and Lee 2006).4 For this analysis, |
classify families as intact (two parents in the household), mother only, father only, or no
parents present. I do not explore stepparent effects.

Status attainment models developed in the 1960s and 1970s showed that socio-
economic origins, including parental educational attainment, had direct and indirect
effects on children’s adult educational attainment and occupational status (Blau and
Duncan 1967; Duncan, Featherman, and Duncan 1972; Sewell and Hauser 1972). Kao
and Thompson (2003) note that the socio-economic status of a student’s family of origin
continues to be highly predictive of white-nonwhite differences in educational outcomes
such as school dropout. In specific studies of the Mexican origin population, parental
educational attainment also exerts a major influence the educational outcomes of
Mexican origin children (Landale, Oropesa, and Llanes 1998; Wojtkiewicz and Donato

1995; Zsembik and Llanes 1996).

4 Perreira, Harris, and Lee (2006) observe no significant difference in the likelihood of high school
completion between individuals in single mother households and those in two-parent households, but a
significant, negative difference in the odds of high school completion between individuals in single father
households and those in two-parent households.
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In this analysis, I use parental educational attainment and poverty status as
proxies for social origins. I collapse parental educational attainment into five levels: less
than high school graduate (less than h.s.), high school degree or GED, some college, A.A.
degree, and B.A. degree or higher. I also include a dummy variable to identify students
who lack parental educational information because they do no have a parental or
householder record. For individuals in intact households, I use the educational attainment
level of the parent with the highest level of education.” For single-parent households, I
use the level of educational attainment of the parent who is living in the household
(mother or father). Finally, for individuals who do not live with parents, I use the level of
educational attainment of the householder.

I use the poverty variable from the ACS dataset as a broad measure of household
resources. The ACS poverty variable incorporates information on total family income,
family size, number of children, and householder age to determine whether a family’s
poverty level is higher or lower than 100 percent of the poverty thresholds established by
the Social Security Administration. I will demonstrate that, in multilevel logistic
regression models, poverty has a negligible effect on non-enrollment, net of parental
education. Thus, my conclusions are robust to the exclusion of the poverty variable from

these models. I use the ACS poverty variable to classify families as living at three

® In a previous analysis (presented at the 2011 PAA Meeting, available upon request), I used the Bayesian
Information Criterion (BIC) value for three logistic regression models regressing Mexican origin non-
enrollment on parental education to determine which level of parental education to use for intact
households (mother’s versus father’s). The BIC offers a means to assess model fit by incorporating
information on the deviance (the likelihood ratio test statistic), the number of parameters in the model, and
the sample size (see Raftery 1995: 133-136). Hauser (1995) has also advocated the use of the BIC as an
important model selection tool in sociological research. I found that using the highest parental education
level (for children in intact households) yielded the lowest BIC, and thus provided the best model fit for
assessing the likelihood of school non-enrollment.
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economic levels: below the poverty threshold (value on the poverty variable is less than
100 percent), one to two times the poverty threshold (poverty value is 100 to 200 percent
of the threshold), or over two times the poverty threshold (poverty value is over 200
percent of the poverty threshold).

Student mobility is a major predictor of school dropout (Rumberger 2004).
Student mobility contributes to school non-enrollment by destabilizing continuity in a
student’s schooling experience. The ACS provides information on whether the individual
is residing in a place of residence that differs from their place of residence one year prior
to the survey year (i.e. 1-year migration status). Using this information, I create a
variable called “mobility” that captures three types of 1-year migration statuses: Intra-
state migration, inter-state migration, and international migration. This measure is
imperfect, because it does not differentiate types of within-state migration (intra- versus
inter-metropolitan migration, inter-district migration, etc.) Still, this variable identifies
individuals who have likely recently arrived in a new educational context.

Finally, I control for metropolitan status as if it were an individual-level predictor
in the multilevel models (rather than a state-level predictor). I control for central city
status, non-metropolitan status, and “other” metropolitan status (metropolitan status not
identifiable, metropolitan- outside central city, and metropolitan- central city status
unknown). The barriers that the central city imposes on the educational success of the
children of immigrants are well documented, and include bifurcated labor markets,
exposure to oppositional subcultures or gangs, and segregation in low quality schools
(Kasinitz et al. 2008; Portes and Rumbaut 2001; Portes and Zhou 1993; Zhou 1997a;

Zhou 1997b; Smith 2006). As discussed, Latinos are increasingly living outside of the
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central city, in both suburban and non-metropolitan areas (Hardwick 2008; Kandel and
Cromartie 2004). Data on the effects of non-metropolitan status on school non-
enrollment are mixed (see Reeves and Bylund’s 2005; Rumberger and Palardy 2005).
Case studies of rural new immigrant destinations, however, suggest that rural areas may
lack the necessary resources to meet the specific linguistic and educational needs of
newly arrived immigrant children (Gouveia, Carranza, and Cogua 2005). Thus, it is

important to control for non-metropolitan status in the models.

State-level Variables (Level 2 Variables)

After controlling for individual-level variables that could potentially influence
school non-enrollment differences across states (compositional factors), I introduce
several state-level variables into the multilevel models. I divide state-level variables into
three groups: Immigration history, peer composition, and educational context. Ideally, I
would use a range of variables to measure these constructs. In practice, however, many
state-level variables are highly correlated. For instance, the baseline foreign-born
population in the state in 1990 and the state’s foreign-born growth rate (immigration
history variables) are highly correlated with the percent of NH White peers (15-17 year-
olds) living in the state. Thus, the composition of the population within the state is highly
influenced by patterns of migration into the state. Similarly, the percent of NH Black
peers (15-17 year-olds) living in the state (a potential peer composition variable) is highly
correlated with the percent of adults in the state who do not have a high school degree (a
potential educational context variable). This multicollinearity leads to highly inflated

standard errors in the multilevel models. For this reason, I only control for five state-
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level variables that are intended to represent immigration history, peer composition, and
educational context.

Immigration history variables include the two standard covariates that are utilized
to create destination typologies— foreign-born presence in a baseline year and foreign-
born growth rates between the baseline year and a subsequent time period. I calculate the
total and percent foreign-born individuals for each state (all ages) in 1990, using data
from the 5% decennial census microdata file. I then calculate the total and percent
foreign-born population (all ages) in 2010, using the 2010 ACS. Finally, I calculate
foreign-born growth rates (percent) from 1990 to 2010. The inclusion of variables
representing a state’s immigration history should reduce between-state variance in the log
odds of non-enrollment among Mexican origin adolescents. To the extent that living in a
new versus an established destination affects the probability of Mexican origin non-
enrollment, I should observe two types of results. First, the addition of immigration
history variables should reduce between-state variance in the likelihood of non-
enrollment, net of compositional factors. Second, these coefficients should be significant
predictors of Mexican origin non-enrollment, net of compositional factors.

As discussed, recent work by Fischer (2010) finds that the likelihood of school
non-enrollment is greater for 15-17 year-olds living in new destinations than for those
living in established maintaining destinations. To the extent that Fischer’s findings are
generalizable to this study, the signs of the coefficients should reflect an established
destination advantage. The log odds coefficient for the percent foreign-born in 1990
should have a negative sign, indicating that increases in the percentage of foreign-born

individuals living in the state in 1990 (i.e. established destinations) are associated with
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lower log odds of non-enrollment. Conversely, the sign for the log odds coefficient for
foreign-born growth rates between 1990 and 2010 should be positive, which would imply
that increases in the foreign-born growth rate increase the likelihood of Mexican origin
school non-enrollment.

Previous research on new immigrant destinations hypothesizes that variations in
the institutional arrangements within destinations could differentially shape immigrant
outcomes related to assimilation (Waters and Jiménez 2005). As discussed, researchers
are only beginning to understand how contextual factors shape immigrant outcomes
across destinations, with varying results. This poses difficulties for the identification of
other state-level variables that might influence variation in Mexican origin school non-
enrollment across states beyond immigration history. Nonetheless, I focus on two other
sets of state characteristics that could hypothetically influence school non-enrollment
patterns across states—peer composition and educational context.

The first variable represents minority peer composition. I calculate the percentage
of NH Black 15-17 year-olds living in each state, using the 2005-2009 ACS. 1
hypothesize that Mexican origin adolescents living in states with higher percentages of
NH Black peers may have a greater likelihood of school non-enrollment, because they
may be competing with these students for resources that support minority education.
Additionally, the high correlation between the percent of NH Black adolescents in the
state and the percentage of adults (ages 25-64) in the state that lack a high school degree
(.63, author’s calculations; correlation matrix available upon request) means that the
percent of NH Black peers in the state may also be a proxy for the overall quality of the

educational context for minorities within the state.
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The next set of variables tries to capture the context of high school dropout within
each state. I calculate the percentage of NH White and NH Black 15-17 year-olds that
are not enrolled in school for each state, using the 2005-2009 ACS. The basic hypothesis
is that the overall quality of the state education system is likely to affect everyone living
in the state. Poor quality education systems should produce higher rates of non-
enrollment among all subgroups. Thus, increases in the percent of NH White and NH
Black peers who drop out of school within the state should increase the likelihood of
school non-enrollment among Mexican origin 15-17 year-olds.

Analytical Strategy

I begin the analysis by quantifying state-level variations in the distribution of
Mexican origin adolescents across and within states (Table 1). I then analyze the
dependent variable of interest—school non-enrollment. I first examine levels of school
non-enrollment among Mexican origin, NH White, and NH Black adolescents across
states (Table 2). In the ACS, school enrollment status is reported for each person in the
household by the householder—the individual who fills out the survey. Individuals who
are not enrolled in school at the time of the ACS survey could be considered dropouts.
However, it is possible that these individuals may return to school at a future point in
time. Thus, non-enrollment at ages 15-17 should not be considered a permanent dropout
status. I also calculate the overall means of the individual-level variables for the Mexican
origin, NH White, and NH Black populations, as well as several state-level
characteristics. These results are displayed in the Appendix, Tables 1 and 2. I use

person-level weights in the calculations of all descriptive statistics.
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In the multivariate portion of the analysis, I run a series of stepwise multilevel
logistic regression models, with school non-enrollment (y=1) as the binary outcome. I
run all models in Stata 12.0, then repeat the analysis using R software to create the state
random effects figures displayed in the Findings section. I do not use weights in the
multilevel regression analysis. The multilevel logistic regression models in this analysis
allow the intercept of the log odds of Mexican origin non-enrollment to vary by state.
The baseline model is as follows:

logit(P[Ym)nfenrulI = 1]) = aj[i] + ﬁage * agei + Igvex * Sexi’i = ln

a./[i] ~ N(ﬂa,dzsmm),j = 1’51

The baseline model includes controls for age and sex. Of particular interest in this and
subsequent models is 0”.u, the between-state variance in the log odds of Mexican origin
non-enrollment. For each model, I display the random effects parameters for each state,
which represent state differences from the overall mean of the state means of the log odds
of Mexican origin non-enrollment. To the extent that individual and state-level attributes
explain between-state differences in the likelihood of Mexican origin non-enrollment,
this parameter should decrease in magnitude as covariates are added to the models.

I next add a series of individual-level (level 1) covariates to the baseline model:

logit(P[Y,

n

— — % * % P —
on—enroll 1]) - aj[i] + ﬁage age,; + ﬁsex sex; +Blevell levelli’l =l.n

i~ N(/uaao-zstate),j =1,...51

Next, I add the state-level covariates to the model controlling for all individual-level

covariates:
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logit(P[Y,,, owor =11) = e +ﬁ’age *age, + [, *sex,+B *levell +B,, , *level2 ,i=1..n

levell ij?

a./[i] ~ N(zuaaazsmt@)’j = 1’51

State-level covariates that reduce the between-state variance in the likelihood of non-
enrollment ( 0% e ), net of individual-level factors, provide information about the

attributes of destinations that shape patterns of non-enrollment across states.
Findings
State-level distributions of Mexican origin adolescents

Table 1 displays the distribution of Mexican origin 15-17 year-olds across states,
as well as the percentage of 15-17 year-olds of Mexican origin adolescents within states.
Despite the emergence of new destinations, California and Texas remain major areas of
settlement for the Mexican origin population. The majority of all Mexican origin
adolescents (64.4 percent) live in California and Texas. A noticeable share (13.1 percent)
of the Mexican origin population also lives in the established Mexican origin gateways of
Arizona, Illinois, and Colorado. A number of states individually receive only 1-2 percent
of all Mexican origin 15-17 year-olds, but these states cumulatively receive 12.5 percent
of all Mexican origin adolescents. These states are spread across regions of the U.S., and
include Washington, New Mexico, Nevada, Florida, Georgia, Oregon, New York, North
Carolina, and Michigan. Finally, the remaining 10 percent of all Mexican origin 15-17
year-olds are dispersed across 37 states and the District of Columbia. These distributions
show that established patterns of Mexican origin settlement prevail. Most 15-17 year-
olds of Mexican origin live in the Southwestern states and Illinois. However, consonant
with the new destinations literature, a noticeable share (around 22.5 percent) of Mexican

origin adolescents live outside of these established gateway areas.
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The between-state and within-state distributions of Mexican origin 15-17 year-
olds are highly correlated (.75). States that attract a greater share of the total Mexican
origin 15-17 year-old population also tend to have higher than average proportions of
Mexican origin adolescents living within the state. Over 30 percent of all 15-17 year-
olds in California, Texas, and Arizona, are adolescents of Mexican origin. A large
proportion of 15-17 year-olds living in New Mexico and Nevada (approximately 26
percent and 31 percent, respectively) are of Mexican origin.

Importantly, in some states that receive smaller shares of all Mexican origin
adolescents (less than 5% each), Mexican origin adolescents make up a noticeable
proportion of all 15-17 year-olds within the state. This speaks to the state-level impact of
the geographic dispersion of immigrants. For instance, even though only .7 percent of all
Mexican origin 15-17 year-olds live in Kansas, nearly 1 in 10 adolescents in the state of
Kansas is of Mexican origin. Additionally, while many states have relatively small
proportions of Mexican origin adolescents, it is important to remember that these
individuals are unlikely to be distributed randomly throughout the state. In other words,
state-level distributions may mask uneven concentrations of Mexican origin adolescents

at lower levels of geography within the state.
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Table 1. Between and Within-State Distributions of Mexican Origin 15-17 Year-olds

(Ordered), 2005-2009 ACS.
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Non-enrollment patterns across states

Consistent with previous analyses, the 2005-2009 ACS data show that Mexican
origin adolescents have higher than average non-enrollment rates compared to their peers.
Approximately 6.7 percent of all Mexican origin 15-17 year-olds are not enrolled in
school, compared to 3.5 percent of all NH White 15-17 year-olds and 4.3 percent of all
NH Black 15-17 year-olds. Table 2 displays school non-enrollment rates for each of
these groups by state. There is considerable variation in rates of school non-enrollment
among Mexican origin adolescents across states, ranging from negligible levels of non-
enrollment in states with very small Mexican origin populations, such as Maine and New
Hampshire, to 28.1 percent non-enrollment in Alabama. Non-enrollment rates among
NH Whites and NH Blacks also vary by state, but to a lesser degree. In fact, the standard
deviation for the overall non-enrollment rate for Mexican origin adolescents is higher
than the standard deviations of non-enrollment for the NH White and NH Black
populations, indicating that this population has a more variable distribution of non-
enrollment.

The non-enrollment rate among Mexican origin adolescents in California is 4.3
percent, which is lower than the average for the total Mexican origin 15-17 year-old
population. This is surprising, given the emphasis in the previous literature on a trend
towards downward assimilation among some Mexican origin adolescents in major
immigrant gateways in California, such as San Diego (Portes and Rumbaut 2001). In
Texas, the Mexican origin non-enrollment rate is 6.2 percent, just slightly lower than the

average level of Mexican origin non-enrollment.
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Table 2. Percent School Non-Enrollment Among Mexican Origin, Non-Hispanic

White, and Non-Hispanic Black 15-17 Year-olds, by State, 2005-2009 ACS.
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The disproportionate number of Mexican origin adolescents living in California
and Texas shifts the average level of Mexican origin non-enrollment downward. When
Mexican origin adolescents in California and Texas are dropped from the sample, the
overall rate of Mexican origin non-enrollment increases to 9.7 percent (author’s
calculation). Importantly, the descriptive analysis of Mexican origin non-enrollment
rates by state helps to justify the use of multilevel modeling. There is notable between-
state variation in rates of non-enrollment among Mexican origin adolescents, and
multilevel modeling will reveal how individual and state-level characteristics influence
this heterogeneity.

Multilevel models: Between-state variance in the log odds of Mexican origin non-
enrollment

As discussed, I restrict the multilevel analysis to the Mexican origin 15-17 year-
old sample in the 2005-2009 ACS (n=71,269). Table 3 displays the results for a series of
stepwise multilevel logistic regression models, with school non-enrollment as the
dependent variable. In this section, I mainly focus on a discussion of the determinants of
between-state variation in the log odds of Mexican origin non-enrollment. However, I
make note of the significance of the log odds coefficients when relevant. Of particular
interest are the variance of the intercept (state) in the “random effects” row at the bottom
of Table 3, and the ordered state random effects parameters, displayed in Table 4. The
state random effects parameters indicate how the states’ mean log odds of non-enrollment
deviate from the overall mean of the state means. States with positive random effects
values represent states that have higher mean log odds of non-enrollment relative to the
overall mean of the state means. Conversely, states with negative random effects values

have lower mean log odds of non-enrollment relative to the overall mean of the state
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means. Substantively, positive random effects values should point to states with negative
schooling contexts, whereas negative random effects values should represent states with
positive schooling contexts. I am hesitant, however, to make firm statements about the
quality of schooling contexts within states based on the random effects values, as some
portion of the between-state variance is due to compositional factors (as I will
demonstrate) and another portion of the variance is likely due to unmeasured
heterogeneity. (Non-ordered random effects parameters for each state and each model
are listed in the Appendix, Table A3.)

In the first model (Model 1), which only controls for age and sex, the variance of
the intercept is .20. In this model, the five states with the largest positive random effects
include Alabama, Kentucky, Mississippi, New Jersey, and South Carolina, and the five
states with the largest negative random effects (lowest mean likelihoods of non-
enrollment) include California, Nebraska, Wisconsin, Ohio, and Texas (see Table 4 and
Figure 1). The baseline model indicates that, before controlling for compositional
factors, non-enrollment is particularly high among Mexican origin adolescents in some of
the Southern states and New Jersey. In contrast, non-enrollment appears to be lower than
average in the established gateways of California and Texas, and the Midwestern states of
Nebraska, Wisconsin, and Ohio.

When immigrant generation variables are introduced in the model (Table 3,
Model 2), the variance in Model 1 is reduced by over 50% (to .09). This indicates that a
substantial portion of the baseline between-state variance in log odds of non-enrollment
can be attributed to the unequal distribution of Mexican origin adolescents with different

generational statuses (nativity statuses and years of residence) across states.
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Table 3. Fixed and Random Effects Estimates from Multilevel Logistic Regression
Models of School Non-Enrollment to Enrollment, Mexican Origin 15-17 year-olds,

2005-2009 ACS.

Fixed Effects
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(Table 3 Cont’d.)
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Figure 1. State Random Effects Estimates (Ordered) and 95% Confidence Intervals
from Tables 3 and 4. Model 1 (gray) controls only for age and sex, and Model 2
(black) controls for age, sex, and immigrant generational status.

Figure 1 compares the ordered state random effects in Model 1 (gray) and Model

2 (black). For most states, the absolute value of the state’s random effect estimate

shrinks towards the overall mean of the state means (zero, in red) from Model 1 to Model
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2. In Model 2, Alabama and New Jersey continue to have larger positive random effects

than other states, but are now joined by Florida, Missouri, and Nevada (see Figure 2 and

Table 4). These high and low deviations cannot be fully explained by compositional

differences in the generational status of the Mexican origin population across states.
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Figure 2. State Random Effects Estimates (Ordered) and 95% Confidence Intervals

from Tables 3 and 4. Model 2 (black) controls for age, sex, and immigrant
generation. Model 4 (blue) controls for all individual-level covariates.
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The overall variance in the state intercepts is fairly stable across Models 2, 3, and
4 (approximately .9). Figure 2 contrasts the state random effects from Model 2 (black),
which controls for age, sex, and immigrant generation, and Model 4 (blue), which
controls for all individual-level covariates. This figure demonstrates that the state
random effects are similar for both models. While factors such as parental education,
family status, central city status, and mobility are significant predictors of school non-
enrollment among the overall Mexican origin population, they do not substantially reduce
between-state variation in non-enrollment above and beyond immigrant generational
status. This could be due to a lack of variation in patterns of Mexican origin parental
education, family status, and mobility across states, net of immigrant generational status.

In Models 5-7, I add state-level immigration history variables to the model that
controls for all individual-level covariates (Model 4). I first control for percent foreign-
born in the state in 1990, then for the percent foreign-born growth from 1990-2010, and
then for the two variables together. These models yield surprising results. The percent
foreign-born in the state in 1990 and the percent foreign-born growth rate in the state
from 1990 to 2010 do not have significant effects on the overall likelihood of Mexican
origin non-enrollment, net of compositional factors. Together, these variables do not
substantially reduce the between-state variance in the log odds of non-enrollment. The
state variance parameter decreases from .095 in Model 4, to .084 in Model 7. Thus,
variables related to a state’s immigration history are not significant predictors of non-
enrollment among Mexican origin adolescents, and they do not explain much of the
between-state variance in Mexican origin non-enrollment. Similarly, the percent NH

Black peers in the state (Model 8) does not appear to significantly influence the
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likelihood of non-enrollment, nor does this variable noticeably reduce between-state

variation in Mexican origin non-enrollment.
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Figure 3. State Random Effects Estimates (Ordered) and 95% Confidence Intervals
from Tables 3 and 4. Model 4 (blue) controls for all individual-level covariates.
Model 9 (green) controls for all individual-level and state-level covariates.



The percent of NH White 15-17 year-olds in the state that are not enrolled in
school is the only state-level characteristic that has a significant, positive effect on the
likelihood of Mexican origin non-enrollment. Net of compositional characteristics,
immigration history, and peer composition, Mexican origin adolescents who live in states
with higher percentages of NH White peer dropouts are more likely to be non-enrolled in
school. However, the level of NH Black non-enrollment in the state does not operate in
the same way; the percent NH Black non-enrollment is not a significant predictor of
Mexican origin non-enrollment.

Controlling for NH White peer non-enrollment and NH Black peer non-
enrollment together reduces the between-state variance by a noticeable amount (from
.080 in Model 8 to .056 in Model 9). Figure 3 also shows that controlling for all state-
level covariates (green) shrinks the absolute values of the random effects parameters for
most states towards the mean, to a greater extent than the model that only controls for
individual-level characteristics (blue). However, the addition of state-level covariates
does not improve the model fit. The best-fit model (the model with the lowest BIC) is
Model 4, which only controls for individual-level predictors.

Overall, these results show that factors related to the composition of the Mexican
origin population, particularly immigrant generational status, account for some of the
between-state variation in Mexican origin non-enrollment. An assessment of state-level
variables further reveals that the educational context of a state appears to influence both
the likelihood of Mexican origin non-enrollment and between-state variance in non-
enrollment. In contrast, variables related to a state’s immigration history, such as the

percent foreign-born living in the state in 1990 and the percent foreign-born growth rate
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in the state from 1990 to 2010, do not have significant effects on Mexican origin non-
enrollment, and do not appreciably reduce between-state variation in Mexican origin non-
enrollment, net of compositional factors. These findings suggest that the school dropout
patterns of NH White adolescents within the state serve as key indicators of the overall
quality of the education system. Some Mexican origin adolescents that are exposed to
these poor-quality education systems are at greater risk of school dropout than their peers
in other states.
Conclusion

The emergence of new immigrant destinations has coincided with a proliferation
of studies seeking to compare immigrant outcomes across contexts. This wave of studies
relies heavily on the use of destination typologies, which place destinations into
categories based exclusively on variables related to immigration history. I have argued in
this paper that the use of destination typologies prevents the effective generalization of
results across studies. In this paper, I have attempted to demonstrate the utility of a
multilevel approach to analyzing immigrant outcomes across destinations, by studying
variations in levels of Mexican origin non-enrollment across states. My findings show
that variables related to a state’s immigration history do not influence between-state
variation in non-enrollment to the same extent as individual-level compositional factors,
such as immigrant generation, and the educational context within the state, as measured
by the percent of NH White 15-17 year-olds who are not enrolled in school. These
findings suggest that scholars should not automatically assume that a destination’s
immigration history is the most salient determinant of between-destination variations in

outcomes relevant to immigrant assimilation, such as school non-enrollment.
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I have advocated for the use of multilevel modeling in the study of variations in
outcomes across immigrant destinations. However, multilevel modeling may not be
appropriate for all circumstances. Multilevel models require the use of nested data. This
type of data may not be available, and multilevel analysis may not be appropriate for the
unit of analysis or dependent variable of interest. Still, I would argue that, even in
standard OLS regression models, researchers should not begin the analysis by creating
destination typologies, but rather should introduce variables related to immigration
history into the models as covariates. In this way, researchers can evaluate whether
immigration history variables play a significant role in predicting the outcome of interest
relative to other factors.

There are several limitations to the analysis presented in this paper. First, I did
not find that immigration history variables related to destinations (states) had significant
effects on Mexican origin non-enrollment, nor on between-state variation in non-
enrollment. This could be due to the fact that I measured immigration history using the
presence of the foreign-born population within the state in 1990, and foreign-born growth
rates from 1990 to 2010. These results may have been different if I had focused
specifically on the presence and growth of the co-ethnic (Mexican origin) population
within the state. The historical presence of co-ethnics may have a greater influence on
outcomes such as school non-enrollment than the historical presence of all foreign-born
individuals. Second, while I have highlighted variation in Mexican origin non-
enrollment rates across states, the state may not be an important sphere of influence for
immigrant origin individuals. Institutional arrangements at lower levels of geography

may have a greater impact on the outcomes of immigrants and their families. Future
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analyses should attempt to measure contextual variables within smaller geographic units
of analysis, such as the Public Use Microdata Area (PUMA) or county. Finally, Mexican
origin adolescents living in California and Texas dominate the 2005-2009 ACS sample.
This could suppress the overall level of variation in non-enrollment outside of these
states. To circumvent this challenge, future work could divide these states into smaller

geographic units, as suggested above, or omit these states from the analysis altogether.
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Appendix

Table Al. Mean Individual-level Characteristics of Mexican Origin, NH White, and

NH Black 15-17 Year-olds, 2005-2009 ACS.

Mexican

Origin MNH White MH Black
Cemographics
Apo 1e0 led 1e.0
Femszle | %) 424 A6 A58
Male (%) 5l 514 502
Household Family Status
Mo psrerts n HE %) 28 .6 12.1
[nt=ct [Mothe- znd Father) [%) b3 oA 3l&
Mo tmer, no Father 17525 2.3 124 A5G
Father, no mothe- [%) bk Bk B.5
Immigramt Status, Citizenship, Mobsility
125 Ger-erabor |# 4.4 0.4 11
1.5 Genaraticn (%) 8.7 0.8 20
1.75 Ger-erabor | % 8.1 1.3 16
Mztve-born | ) TLE a7 5.1
Mom-c Hzen (%) 124 11 2.7
Recent moo | byin astyear) (%) 134 a4 1.9
MMetropolitan Status
Central City (%] 2009 ¥.0 3l1.5
Mon-met ropelitan (%) 2.5 cl2 10.&
Cther fother metro o7 not icensifiao e] (3] B T1E LT
Powerty Status
Below Poverwy (500 25.49 a4 258
1-2x Powerty Trresho d (2] 32.3 14.5 2o E
Zx 1 Poverty Toreshod 3| AlE Tod 43.4
Highest Farental Educati-onal Attainment
Mo pzrertal or housekoldar record [3%) 0.4 0.2 Q.7
Less tnan HS 4525 A0 1.8 141.1
Hi Cegree o GED %) 25.8 224 31.3
Some Col ege %) 17.3 221 2o E
A (%) 5.7 11.5 9.7
BA 450 7.0 c2A 11.2
Ba i 3.2 1.3 6.1

*Percentages are weighted using the person weights provided by the [IPUMS ACS dataset.

49



0S

uoneindog alerg

(L= A [T ERNEN]

ST H2E|A N BUay | S1IL A N BuD Wy
JUBLL|CIUT-LE N B || IUT-LE

1T ITER NN

SH B UEY1 5527
i fea-gf sade)
RYNDG LSSy

‘SpIo-IRE, L1051
HIE|H HM L a%ay

'Spla-aEE, LT-5T
B UL HM SLEEY

CERIIE=IEN]

SETETS o TET 23 T TEE TiE Sarwadyy,
0TGRS iTe T5E 23 T8 T08 T80T HIFLDIE A
FOFTTE'T b 203 LT £% TTE ITE 1 B1I 1530
55£'590'a 5T I3E £3 L BT 85T LEIEU ysER,
DELTTEE L L9 £8°7 10T e Nt 79T EluE.

LTL07e 2= TSE og TT PEE TS JELITYEDY
9TE'TEa'7 BT ez 23 aT &g S05E LEIN
TrIETR'ED LEE BIE TI1T BT T L'8ET SEmE]
E56'BET'S [3=33 SEE WET T12 T SETE FBRTAILE]

ETE98L o SlE Td a4 Kig SEkT E10=B] reg
LOEATEY =34 5% WET SEE L5 052 EU|O.BD Yoy
TBE'LS0'T 26 SET £F | L el FUS[s| adoly
DESATETT i8% SEE £F TET 'l £408 ElUSAAEL Lay
LOVETE'E (4] EERY s i Tl L95T uodaig
L00TE'E = THE 0T 6% Tra E0LT ELLOYEH]
BEETIS D BE'E 2T & LT BB s Aug

STiTRES 259 BET R 60 £58 [ EIORE] Yl 2h
S04 EKDE (-3 51 L1T T2 113 TE0t B |O4BD Yl 2h
AERETIST 248 T2 bk ST £'E8 058 150, a3
098 136'T 9T TET 0T 13 @08 TLET QIXBP MR
EE0I8'E LT TEZ €9 TED [ @Az Azs.a[ wan
ETKETE'T o L2 63 TT 0Te TE3 3 YSCIUEH Wap
£94°5KST SE Tha [X3 143 kv SEIE BORAIN
VIT'TEL'T TTE 36T €9 59 T8 LLET EYREIqEN

£577956 Teg 279 23 v e 'l ELEILDL
ZBE'l0E'S S5 EST =0T TIT BLL SEIT HRosEIY
KT TTE'T kst T3 9T lt @05 LLET dd ssisziy
TBE'BET'S rag 507 R 61 18 98T E1O5ELL 1A
BOTEEDDT 03 TS LF TET T T8
9LT'TTS'S 6T T892 59 £ (A3 13 SRATMYIRTEEY
STKLER'S S0 FEE £F FTE s TTIT Fuzjiieyy
OBE'ATE'T £t ST ) 5T 216 [y = auEy
T TTEY 929 =R oAt TBE 5 £08 ELEIFING]
0O0'TETY TS Bl BT his oo Fakz fazniuey
SERLALT TZ9 TLZ (] ] L 98T SESLEY
CBE'BLAT ST Gl T3 i3 TEE EELT Bl
[ ] e TE9 LTt =0T TaT &0g E0LT SUEIDL|
EFITRLTT Tt 13 L il T8 L sieu|
TLTTER'T St TLE [ 1] 18 45T
TET'ORT'T 5T [T R T2 5T ot
ETELAEE BET 2B 1Tt (=3 79 EVEE
QZETETET [i=h (=R L 02 &9 07T EpIa4

EELTERS rEd o oat [T o1t k52 B OWn ] 4033ns g

TERTEDE BEE LT 06 @52 ofa ELT SEME| 2]
LB LEE'E A 27 23 1T =8a 03 1N3ILZELA0]

S0t L% T3 RS %59 012 QREIZIZ]

G2 BE2 bk ) e =BG B uijied

[Eh B IET EEns 0L LATE SRIUEH Y

BE Bl %3 It @it ETAT EU0T LIy

QETT (=R (] Tt L9 TLiE ENIElY

LTF Bt T5L TIE ] 0902 ELUEQEY

SOOT-S00Z |EIDL sojc-zad £ FRO-EAALT-ET | GO0Z-S00T (8aiEag SO0T-500E GO0AE-5C0T OTOZ-0RET (Y. o FEL

GO0T-3007 WE1000 BIoEEanEg

A T-5 T) Loniscdind 58]

OEGT (5aLSLEIIEIEY ] (g4} J.0F J8 a1oy

SOV 0102 ‘SOV 6007-S00¢ ‘(ddures ejepoudiu o,¢) Snsud)) (661 ‘SINSLIdIRIRY) 3)eIS TV dqRL




Table A3. State Random Effects Estimates for Log Odds of Non-Enrollment,
Mexican Origin 15-17 Year-olds, 2005-2009 ACS.
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