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ABSTRACT 

 

This dissertation examines the association between immigrant legal status and 

several key indicators of socioeconomic wellbeing in the United States. The objective is 

to test whether estimates of these associations vary depending on the method used to infer 

legal status in survey data. Specifically, I compare estimates from the following legal 

status assignment approaches: (1) inferring legal status using a logical imputation method 

that ignores the existence of legal-status survey questions (logical approach); (2) defining 

legal status based on survey questions about legal status (survey approach); (3) using 

statistical models to assign multiple possible legal statuses in the framework of combined 

sample multiple imputation (CSMI approach); and (4) using administrative records from 

the Social Security Administration’s Numident database to assign “official” status 

information to survey respondents (Numident approach). Each chapter can be read as a 

stand-alone study that uses nationally representative survey data to compare estimates of 

the association between legal status and a given outcome between two or more 

assignment approaches. Results from these analyses show that methodological decisions 

about how to infer the legal status of survey respondents have significant impacts on 

conclusions about the association between legal status and socioeconomic outcomes. The 

findings call for a more cautious approach to interpreting research results based on legal 

status imputations and for greater attention to potential biases introduced by various 

methodological approaches to inferring individuals’ legal status in survey data. 
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CHAPTER 1 

THE ASSOCIATION BETWEEN LEGAL STATUS AND POVERTY AMONG 

IMMIGRANTS: A METHODOLOGICAL CAUTION 

 

Introduction 

The non-citizen population in the United States is comprised of immigrants with 

diverse legal statuses. Among non-citizens, the unauthorized population receives much 

attention in political discourse and the media, although lawful permanent residents 

(LPRs) outnumber the unauthorized 12.2 million to 10.7 million as of 2016—a difference 

of 1.5 million (Passel and Cohn 2018). The legal residency status of “green-card” holders 

confers rights that are not guaranteed to other noncitizen immigrants, including work 

authorization, property ownership rights, eligibility for public assistance programs, 

financial assistance for tertiary education, and a pathway to citizenship (Department of 

Homeland Security 2019). Legal residency status facilitates access to invaluable public 

resources and opportunities for social mobility frequently denied to other non-citizen—

primarily unauthorized—immigrants (Yoshikawa 2011) which subsequently affects 

intergenerational socioeconomic outcomes (Bean et al. 2011; Gonzales 2016; Prentice et 

al. 2005; Yoshikawa 2011). Presently, quantifying the relationship between legal status 

and socioeconomic outcomes is complicated by the limited availability of nationally 

representative data that include measures of both citizenship and legal status. Surveys 

that measure citizenship status, but not legal status of non-citizens, prohibit the 

disaggregation of the non-citizen population into LPR and non-LPR components. 
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To address the limitation in federal survey data, Jeffrey Passel, a leading 

demographer on legal status population estimation, developed a logical imputation 

method (hereafter, logical approach) to assign immigrant legal status at the individual 

level (Passel and Clark 1998; Passel, Van Hook, and Bean 2004; Passel and Cohn 2007; 

Passel and Cohn 2014). Although specific details of Passel and Cohn’s (2014) algorithm 

are unclear, the logical approach has facilitated a recent surge of empirical research with 

direct relevance to national immigration policy discussions. Researchers have 

increasingly employed variations of the logical approach to overcome survey data 

limitations and to assign legal status to immigrants in survey microdata (Borjas and 

Slusky 2018; Cohen and Schpero 2018: Gunadi 2019; Bustamante, Chen, Fang, Rizzo, & 

Ortega 2014; Hall & Greenman, 2018; Hall, Greenman, Farkas 2010; Pourat, Wallace, 

Hadler, & Ponce 2014; Zuckerman, Waidmann, & Lawton 2017). However, the logical 

approach has not been evaluated against actual survey-based values of legal status 

(hereafter, survey approach), alternative legal status assignment approaches, or 

administrative data. Little is therefore known about the extent to which estimated effects 

of legal status on a given outcome vary across micro-imputation approaches.  

 To address this gap in the literature, this dissertation tests the logical approach 

against several other distinct methodologies for assigning legal status to immigrant 

respondents in survey data. I compare estimates generated by the logical approach to 

those from three alternative legal status assignment approaches. In each chapter, I pair the 

logical approach with a different method to compare how estimates of the effect of legal 

status on some outcome vary by choice of assignment approach. The organization of the 

dissertation is described below. 
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Following this introduction, I begin Chapter 1 by describing the history of the 

development of techniques to estimate the size and characteristics of different immigrant 

status groups in the United States. I focus on one method in particular—the logical 

approach—due to its immense influence in the realm of immigration research and its 

proliferation in recent years. This brief history should help to provide context and 

justification for the analyses that follow in both Chapter 1 and in subsequent chapters. I 

conclude the chapter with a methodological exercise that examines how the association 

between legal status and poverty varies according to the use of a logical approach versus 

assignment inferred from survey items. Data come from the Survey of Income and 

Program Participation (SIPP), which allow for the identification of fairly detailed 

immigration statuses. I find that the two approaches yield opposite conclusions about the 

association between lawful permanent residency status (LPR) and poverty. Specifically, 

while the survey approach suggests that having LPR status, relative to being 

undocumented, is negatively associated with being in poverty, the logical approach 

instead suggests that LPRs are more likely to be in poverty than otherwise similar 

undocumented immigrants.  

 Chapter 2 examines the effect of legal status on wages. I compare estimates of the 

undocumented wage penalty between the use of the logical method and the use of an 

alternative statistical approach using Combined Sample Multiple Imputation (CSMI). 

CSMI is common statistical technique used to handle missing data in survey research and 

has previously been adapted to impute the legal status of immigrants in survey data 

(Capps et al. 2018). However, its use in immigration research has mostly been limited to 

generating population estimates and descriptive profiles of different legal status groups. It 
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has not yet been applied to multivariate analyses examining the effect of legal status on 

wages. Consistent with Chapter 1, results from this chapter suggest that the logical 

approach portrays a much more optimistic profile of the socioeconomic status of 

undocumented immigrants when compared to the use of an alternative method.  

Finally, Chapter 3 details the development of a new legal status assignment 

approach using restricted survey data linked to the Social Security Administration’s 

(SSA) Numerical Identification database (Numident). These unique data permit both a 

check against survey responses of legal status and the creation of a hybrid survey-

administrative data assignment approach (hereafter, the Numident approach). I conclude 

this chapter with another exercise comparing estimates of the effect of legal status on 

health insurance coverage and several additional outcomes between uses of the logical 

approach, survey approach, and the Numident approach. Results from Chapter 3 suggest 

that undocumented status may have a greater—and more detrimental—impact on several 

indicators of socioeconomic status than is estimated using other common approaches to 

assign legal status to survey respondents. Results from both survey and logical methods 

diverge from Numident results to different degrees depending on the outcome being 

estimated. These results contribute to mounting evidence of bias in the use of the logical 

method, but also suggest that future studies supplement survey data with administrative 

records whenever possible. 

Background 

The Origins of Legal Status Measurement 

  The development of methods to differentiate among different legal status groups 

of the foreign born in the United States began with efforts to estimate the size and 
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characteristics of the unauthorized population in the 1980s, after demographers for the 

first time detected a sizable population of unauthorized migrants enumerated in the 1980 

decennial census (Fay, Passel, and Robinson 1988). Because immigrant legal status is not 

asked in the census, demographers were not able to measure the undocumented 

population directly. Instead, they used a technique known as the residual method—a 

variant of which is still used to this day by the Department of Homeland Security (DHS), 

as well as by immigration scholars, to estimate the size of the unauthorized immigrant 

population in the US (Passel and Cohn 2018; Baker 2018). Basically, this method takes 

the size of the total foreign-born population enumerated in the census or some other 

point-in-time survey (“stock” data) and subtracts estimates of the number of naturalized 

citizens and legal immigrants from administrative records of immigration (“flow” data). 

Statistical adjustments are made to the totals to account for different rates of 

undercoverage of immigrants in the census. The general equation is as follows: 

 

Depending on the year of the estimates, the specific sources of data for each 

component of the equation vary. In 1980 for example, the total foreign-born population 

came from the 1980 decennial census, which is a full enumeration of the population1. 

Estimates of the naturalized population are taken from the former Immigration and 

 
1 However only a sample of the whole population received the “long-form” questionnaire 
of the 1980 Census, which included questions on place of birth used to generate estimates 
of the foreign-born population. 
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Naturalization Services (INS), and estimates of legal immigrants came from the Alien 

Registration Program, which counted LPRs, refugees, foreign students, and other legal 

immigrants in 1980 (Warren and Passel 1987). A number of assumptions with regards to 

undercount in the census, as well as misreporting of naturalization status, are made and 

adjusted for based on demographic projections. The details and complexities of the 

residual method are beyond the scope of this paper and can be found elsewhere (see 

Passel and Woodrow 1984; Warren and Passel 1987). 

While the residual method is used by the federal government to produce its 

“official” estimates of the size of the unauthorized and legal immigrant populations and is 

generally regarded as being fairly accurate, the method is quite limited in estimating 

characteristics. Residual calculations can generally be produced separately by country of 

origin, age groups, sex, and periods of entry into the US—reflecting the few questions 

that are asked of immigrants in the administrative “flow” data that are used in totaling the 

legal immigrant population. This allows researchers to create relatively broad profiles 

detailing those four characteristics of the foreign-born population by legal status. The use 

of aggregate data also prevents any sub state level analysis. 

As public attention on unauthorized migration grew, so did the need for more 

precise estimates of both the size and characteristics of the foreign-born population. By 

the mid 1990s, residual estimates of the unauthorized population had been regularly 

produced for a decade and were used to inform immigration policies such as the 

Immigration Reform and Control Act (IRCA) of 1986. IRCA legalized nearly 2.7 million 

previously unauthorized immigrants, established sanctions for employers who hired 

ineligible workers, and increased border security (Chisti et al. 2011). However, up to this 
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point, estimates focused on the unauthorized population and did not distinguish between 

the various legal categories of authorized immigrants. The absence of data on the legal 

immigrant population was striking at a time when lawmakers were planning significant 

welfare reform--eventually passing the Personal Responsibility and Work Opportunity 

Reconciliation Act (PRWORA) and the Illegal Immigration Reform and Immigrant 

Responsibility Act (IIRIRA) of 1996 which made significant changes to the eligibility of 

public benefits programs with regards to immigration status.  To fill in this knowledge 

gap and to inform public policy discussions on the fiscal contributions and size of the 

legal immigrant population, Passel and Clark (1998) at the Urban Institute developed a 

methodology in which they assigned a specific legal status to each immigrant in a 

nationally representative survey.  This allowed them to generate estimates of income and 

tax contributions for natives and foreign-born residents of New York, broken down by 

detailed immigrant legal status categories. This was the first time that researchers 

attempted to identify detailed immigrant legal statuses at the micro-level in a nationally 

representative survey.  

The method employed by Passel and Clark used an algorithm comprised of a 

series of logical statements that sort foreign-born respondents into one of five categories. 

These logical statements are based on assumptions about characteristics of legal 

immigrants. For example, a foreign-born individual who reports being a citizen and who 

has resided in the US for at least six years is assigned as a naturalized citizen. This 

categorization is consistent with US immigration law—any person born outside of the US 

(who was not born of US citizen parents) who is now a citizen had to have gone through 

the naturalization process, making them a naturalized citizen.  
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Other legal status assignments are more complex. The assignment of 

undocumented status involves the calculation of the probability of being undocumented 

for each respondent based on their age, sex, and occupation. The authors first use the 

Legalized Population Survey (LPS) of 1986 and estimates of the size of the 

undocumented population (Warren 1997) to estimate the number and percent of 

undocumented immigrants that should comprise a variety of occupation-sex categories. 

Then, in the CPS, each foreign-born individual within an occupation-sex category is 

assigned a probability that is equal to the proportion of individuals in the category that 

are expected to be undocumented, based on the aforementioned estimates. Each person's 

calculated probability is compared to a random number between 0 and 1. If the 

probability exceeds the random number, they are assigned undocumented status. If their 

probability is less than the random number, they are assigned to be a legal immigrant. In 

sum, this procedure randomly assigns undocumented status to potential undocumented 

individuals so that the sum of the individuals assigned undocumented status equals 

independent population estimates of the numbers of undocumented immigrants in certain 

occupation-sex categories. The legal status categories and their general assignment 

criteria are shown in Table 1-1. 
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Table 1-1 
 
Legal status assignment of immigrants in Passel and Clark (1998) 

Legal status type Criteria for assignment Exceptions 

Naturalized citizen Respondent reports being citizen 
Recently arrived immigrants who should be 
lawfully ineligible, except those married to 
US citizen or are the child of a US citizen 

Refugee 

Respondent is from a refugee sending 
country and arrived in a year when 
most arrivals from that country came 
to the US as refugees 

  

Legal non-immigrant (LNI) 
Respondent's characteristics match 
requirements for specific types of 
nonimmigrant visas 

  

Undocumented 

Respondent is assigned a probability 
of being undocumented based on age, 
sex, and occupation, using known 
associations between these factors 
and unauthorized status from the 
Legalized Population Survey, 1986 

Respondent:  a) is aged 65 or older; b) has 
been assigned to be refugee or 
nonimmigrant; c) reports working for 
government; d) reports being a veteran; e) 
report receiving SSI or Medicaid; f) resides 
in a household receiving food stamps in 
which all individuals are aliens 

Lawful permanent resident 
(LPR) 

Respondent not assigned to any other 
status is assumed to be LPR   
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Having legal status assigned at the micro-level in a nationally representative 

survey dataset greatly expands the possibilities for research on immigrant legal status, 

even beyond the scope of Passel and Clark’s (1998) article. Large federal surveys like the 

Current Population Survey are rich with information on employment and earnings, 

education, family relationships, and household characteristics. Through the use of a 

logical assignment procedure, all of these topics can be analyzed in terms of their 

relationships to legal status. Furthermore, the logical imputation method can 

hypothetically be replicated in any major survey that includes the basic questions 

required for legal status assignment. Unsurprisingly, the development of this method had 

a profound impact on the study of immigration and legal status and continues to inform 

research on the topic to this day. 

Defining the “Logical Method” 

While Passel and Clark (1998) may have pioneered one method to sort immigrant 

survey respondents into legal status categories, a variety of other methods emerged—

some nearly identical and others quite distinct—in subsequent decades. However, there 

has been no explicit definition or classification of the kind of method they employ; in 

other words, there’s been no delineation of the specific characteristics that distinguish 

this method from others. Therefore, it is useful to lay out criteria of what I will refer to 

generally as logical assignment methods, of which the Passel and Clark (1998) method is 

one. The criteria required for a legal status estimation procedure to be considered a 

logical assignment can be found in Table 1-2. 
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Table 1-2 
 
Characteristics of logical assignment methods  
Criterion for status 
assignment Description Details 

1) No observation of legal 
status of interest in survey 

Legal status is not asked 
of respondents or is not 
available to researcher. 

Since legal status is not observed for any respondent, assignment 
is not based off of a donor value (i.e., hot deck) or predicted 
using models that include some respondents with observed legal 
status values (i.e., multiple imputation). 

2) Not inferred via process of 
elimination 

A specific legal status to 
be assigned cannot simply 
be inferred from other 
legal status questions and 
through process of 
elimination. 

Some surveys, such as the Survey of Income and Program 
Participation (SIPP), ask respondents detailed questions about 
their legal status upon arrival to the US (including whether they 
had a temporary visa) and if the status has since changed. While 
the survey does not explicitly ask about being undocumented, 
this can be inferred based on negative responses to all other legal 
status questions. 

3) Single status assignment 

Individuals are assigned a 
single status which is 
treated as an observed 
value.  

This contrasts with another missing data technique, multiple 
imputation (MI), which fills in a missing value--status, in this 
case--many times. With MI, subsequent analyses take into 
account the variability that results from multiple possible values. 
Logical assignment does not. 

4) Informed by external 
source 

Status assignment 
decisions take into 
account information from 
outside the survey, such 
as immigration law. 

Example: Foreign born respondents who arrived before 1980 
are assumed to be legal (Borjas 2017). This assumption is based 
off the Immigration Reform and Control Act of 1986 which 
essentially granted amnesty to undocumented immigrants who 
arrived before 1982. 
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Logical imputation can play a small role in status assignments (e.g., logical 

imputation is used only to assign legal non-immigrant status among a small subset of a 

non-citizen, non-LPR respondents), or can be the primary mechanism by which 

immigrants are assigned status (i.e., logical imputation is used to assign LPR status and 

LNI status to all non-citizens). 

An additional distinction is crucial given the ambiguity in the literature over the 

use of the term “residual method” and its conflation with logical assignment methods. 

Logical assignment is distinct from the residual method. The residual method uses 

aggregate counts of legal immigrants in administrative data and subtracts them from a 

count of all immigrants enumerated in surveys to generate an estimate of the size of the 

legal and unauthorized populations. Residual counts can often be broken down into broad 

sex and occupation categories, for example, as well as by state of residence, but offer no 

insight into the legal status of any given individual. Some researchers who employ a 

logical assignment method, such as Passel, use residual counts to estimate the number of 

legal or unauthorized immigrants that should have been achieved after weighting 

respondents in their survey sample.  These counts inform calculations of how many 

respondents are assigned unauthorized status among a pool of “potentially unauthorized” 

respondents but are completely independent of the determinations of which respondent is 

assigned which status. Because the residual and logical assignment method can be used in 

tandem, the term “residual method” has at times mistakenly been used to refer to 

individual-level legal status assignments (Zuckerman et al. 2011). The residual method 

has been used as the primary source of estimates of the size of the legal and unauthorized 
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immigrant populations since the 1980s (Passel and Woodrow 1984; Warren and Passel 

1987; Woodrow and Passel 1990; Woodrow 1992;), appearing in both peer-reviewed and 

government reports. Therefore, this misclassification is not only problematic because the 

two methods are distinct, but also because the term “residual method” carries with it an 

implication of being a time-tested procedure widely regarded as a best practice. 

The Proliferation of the Logical Imputation Method 

In the years following Passel and Clark’s (1998) study, the logical imputation 

method was further refined by Urban Institute researchers and used mostly for 

government reports through the early 2000s. For example, Clark et al. (2000) used the 

logical imputation method in their report to the Assistant Secretary for Planning and 

Evaluation at the Department of Health and Human Services to inform policy discussions 

on immigrant participation in public assistance programs. Two years later, Passel and 

colleagues at the Urban Institute (2002) produced another unpublished report, this time 

for the Census Bureau, which included additional criteria in their logical assignment 

algorithm to produce more refined estimates of the legal non-immigrant (LNI) population 

using the CPS. This version of the logical assignment approach, which was an extension 

of the original method from Passel and Clark (1998), was used again by Passel et al. 

(2004)—this time using the 2000 census. The authors used the logical method of 

identifying LNIs in order to exclude them from the stock estimates of undocumented 

immigrants to get a more precise residual estimate of the undocumented immigrant 

population in the 2000 census. They also assume a ten percent undercount of 

unauthorized immigrants in the 2000 census to provide total estimates of the population 

rather than just an estimate of the enumerated unauthorized population. 
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 After years of use at the Urban Institute, the logical method initially developed by 

Passel and Clark (1998) was adopted at the Pew Research Center with the arrival of 

Jeffrey Passel as a senior demographer. At Pew, this specific method, which I will refer 

to as the Pew logical method, has been commonly used to provide estimates of the size 

and characteristics of the unauthorized population in their self-published reports. Like 

previous iterations of the method, Passel (2006) starts with a residual accounting 

procedure to estimate the size of the enumerated unauthorized population in a survey—

the 2005 CPS in this case. The procedure first involves a correction for the over-reporting 

of naturalizations in the survey, because other studies have found that a higher number of 

immigrants report being naturalized citizens than should report so (see Passel and Clark 

1998 or Van Hook and Bachmeier 2013 for why this might be). Next, immigrants 

suspected to be refugees and those holding certain kinds of temporary visas are identified 

based on their country of birth, date of entry, occupation, education, and family 

characteristics. Other immigrants are assumed to be either legal or potentially 

unauthorized based on state of residence, age, sex, occupation, country of birth, and date 

of entry. Neither the exact criteria nor the statistical code used in making all distinctions 

between legal and undocumented immigrants are provided by Pew in this or any 

subsequent article. However, Passel (2006) points to Passel, Van Hook, and Bean (2004) 

for more details on their methodology.  

 At this point in the procedure, only a group of potentially unauthorized 

immigrants remain with un-assigned statuses. This group is thought to include some 

legally resident immigrants who were missed by previous legal status assignment steps, 

immigrants with quasi-legal statuses, and unauthorized immigrants. Quasi-legal 
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immigrants include those who are residing in the US legally but whose status is 

temporary and precarious (such as Temporary Protected Status (TPP)), asylum 

applicants, and family members of legal immigrants awaiting acceptance of applications 

(Passel 2006). All immigrants that remain are subsequently assigned either unauthorized 

or lawful status using a probabilistic method, although the exact details of this procedure 

are never explicitly stated in any publication. In this step, unauthorized status is randomly 

assigned until the total number of unauthorized in the sample equals the expected number 

of unauthorized immigrants estimated using the residual method. Those not randomly 

assigned unauthorized status are assigned legal status. Passel also includes a consistency 

edit to “ensure that the family structures of both legal and unauthorized populations make 

sense” (Passel 2006). The final step is to adjust the person weights so that the weighted 

tabulations match demographic estimates of the size of the legal and unauthorized 

populations. 

 This version of the method described above was used in various reports (Passel 

2006; Passel 2007), and in 2009 was modified to include an additional step of assigning 

legal status based on whether a respondent worked in certain occupations that require 

licensing, and whether the respondent reported receiving certain public services (Passel 

2009). At Pew Research Center, Passel and colleagues continue to employ this method in 

the ACS to provide estimates of both the size and characteristics of the unauthorized 

population (Passel and Cohn 2019; Passel and Cohn 2018; Passel and Cohn 2014).  

Throughout its use in the first decade of the 21st century, the logical method 

developed by Passel and Clark (1998) and extended upon by the Pew Research Center 

had appeared in reports published exclusively by think-tanks such as the Urban Institute 
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and Pew Research Center or in government reports (Clark et al. 2000; Passel et al. 2002; 

Passel et al. 2004; Passel 2006; Passel 2007; Passel and Cohn 2009). It was never, 

therefore, subjected to the type of rigorous peer-review that would be required for 

publication in a leading academic journal, and certain details of the method—particularly 

the calculation of probabilities to assign legal status—had never been published at all.  

However, the lack of transparency in the imputation process did not stop academic 

researchers from using Pew’s imputed data. For example, Zuckerman et al. (2011) used 

CPS data with legal status imputed by Pew to examine the effects of undocumented status 

on health insurance coverage. As mentioned above, the authors justified their use of the 

data by conflating the much longer history of the use of the residual method with the 

more recent development of the Pew logical method. Borjas (2017) also gained access to 

Pew’s imputed data and was able to “reverse engineer” the imputations to identify criteria 

used to sort respondents into legal status categories. His reconstructed Pew algorithm did 

not, however, use a probabilistic assignment of legal status. Despite this omission, Borjas 

was able to generate estimates of the size of the undocumented population in the ACS 

that were comparable to those generated by Pew. He framed this demonstration of 

similarity between his and Pew’s estimates as a validation of his reconstructed algorithm. 

 While Pew’s approach has faced little to no examination and criticism, the 

proliferation of Borjas’ adaption in recent years has attracted some skepticism. For 

example, Albert (2017) found that the Borjas algorithm generated a biased educational 

distribution of undocumented immigrants. He concluded that the criteria used by Borjas 

to assign legal status disproportionately categorized low-skill immigrants as legal, 

leaving too many high-skill immigrants in the undocumented category. Mengistu et al. 
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(2018) similarly found that Borjas’ reconstructed Pew method was sensitive to certain 

selection criteria which led to the inflation of the average educational attainment of 

undocumented immigrants.  The biases suggested by these recent studies, in addition to 

the continued use of the reconstructed Pew algorithm without critical interrogation of its 

scientific integrity, make evident the need to evaluate the validity of the approach. The 

analysis that follows aims to address this need. 

A Methodological Caution 

The logical approach, in its various forms, has made a significant impact on the 

field of immigration research. However, given its development largely outside the 

scientific rigor of peer reviewed research and its seemingly unquestioned replication in 

studies to this date, there is a clear need to evaluate the integrity of the approach. In the 

analysis that follows, I employ an underutilized but valuable dataset that provides enough 

detail related to respondents’ immigration statuses that permits a methodologically 

distinct comparison of status assignments to the logical approach. I then estimate the 

effect of legal status on poverty using the two different methods to understand how, if at 

all, the choice of methods impacts the findings of the analysis. 

Although methodological decisions related to legal status assignment may affect 

any number of substantive outcomes, I examine poverty for several reasons. First, it is a 

widely used summary measure of immigrant integration (Altman et al. 2021; National 

Academies of Sciences, Engineering, and Medicine 2015). It is an important indicator of 

integration that also serves as a barometer for the likely socioeconomic position of the 

children of immigrants (Lichter et al. 2015; Van Hook et al. 2004). Second, previous 

research suggests that legal status impacts the chances of being in poverty among 
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immigrant families in the United States. Specifically, I expect that compared with 

immigrants without official permanent residency status, lawfully present immigrants will 

have lower odds of being in poverty. If conclusions about the relationship between legal 

status and poverty differ across imputation approaches, my findings will have strong 

implications for past and future research that assigns legal status to immigrants in survey 

microdata. 

Data and Methods 

 I use data from the 2008 Survey of Income and Program Participation (SIPP), a 

nationally representative household-based survey conducted by the US Census Bureau. 

Unlike other federal surveys that collect the citizenship status of immigrants but not 

detailed immigration status information from non-citizens, the SIPP asks non-naturalized 

immigrants if they arrived to the United States as an LPR, and if not, if they have since 

adjusted to this status. This series of questions allows me to use self-reports of 

immigration status to distinguish LPRs from a residual category of non-citizen, non-LPR 

immigrants, likely comprised overwhelmingly of unauthorized immigrants, along with a 

small proportion of legal non-immigrants residing temporarily in the US.  Legal non-

immigrants (LNI) are comprised of temporary, or non-immigrant, visa holders who have 

permission to reside, and sometimes work, in the US for relatively short periods of time. 

For example, H-1B visa holders are high-skill foreign workers authorized to live and 

work in the US for three-year periods, with the ability to extend their visa for a total of 

six years (US Citizenship and Immigration Services 2011). Other LNIs include student 

visa holders, foreign diplomats, athletes, and other temporary non-immigrants. Although 

the relative size of the LNI population in the public-use SIPP is unknown, DHS estimates 
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they comprise less than 14% of the non-LPR population in 2008 (Hoefer et al. 2009). 

While restricted-use SIPP data include variables indicating detailed visa information 

among non-LPRs, publicly available SIPP used here do not. This prevents the 

disaggregation of the non-LPR population into its undocumented and LNI components. 

Thus, in this chapter, I refer to the collective group of undocumented and LNIs simply as 

non-LPR.  

Finally, for non-citizens with missing information on LPR arrival and adjustment 

questions, I use Census allocated values to determine their LPR status as part of the 

survey approach. Foreign-born individuals ages 15 and older who report not being 

naturalized citizens are included in the analyses.  

 I also utilize a logical approach based off Borjas (2017), who developed his 

method by reverse engineering the assignment method used by Pew Research Center, 

described in Passel and Cohn (2014). While the methodological details of the Passel and 

Borjas approaches differ in certain aspects, Borjas (2017) demonstrated that they achieve 

nearly the same results.  I chose the method published by Borjas (2017) because of its 

clear articulation, allowing me to generate the same indicators and replicate the procedure 

in the SIPP.  The criteria as they appear in Borjas (2017) to identify legal immigrants are 

as follows: 

a. That person arrived before 1980; 

b. That person is a citizen; 

c. That person receives Social Security benefits, SSI, Medicaid, Medicare, or 

Military insurance; 

d. That person is a veteran, or is currently in the Armed Forces; 
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e. That person works in the government sector; 

f. That person resides in public housing or receives rental subsides, or that 

person is a spouse of someone who resides in public housing or receives rental 

subsidies; 

g. That person was born in Cuba2; 

h. That person’s occupation requires some form of licensing (such as physicians, 

registered nurses, air traffic controllers, and lawyers);    

i. That person’s spouse is a legal immigrant or citizen. 

Any sample individual who meets one or more of these criteria is assigned legal 

immigrant status as part of the logical imputation approach.3 All other non-citizens who 

fail to meet any criteria are assumed to be undocumented, although legal non-immigrants 

are likely included in this residual group. This specific iteration of the Logical method 

generates the same legal status categories as specified in the Survey method and therefore 

makes an appropriate comparison.  

I estimate two logistic regression models predicting poverty status, measured 

dichotomously indicating whether a respondent’s total family income is less than the 

federal poverty line. The first model includes an LPR status indicator derived from the 

logical approach ignoring SIPP’s reports of immigration status. The second model uses 

 
2 Due to the absence of national origin information in the 2008 public-use SIPP, I am 
unable to identify Cuban nationals. I instead use a proxy that identifies individuals born 
in the Caribbean who either speak Spanish at home or identify as Hispanic. 
 
3 I omit criterion b—”That person is a citizen”—from my logical imputation because the 
sample is already limited to non-citizen immigrants. My focus is on lawful permanent 
residents and non-citizen, non-LPRs.	
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survey approach indicators of LPR status. Both models include controls for sex, age, race 

(black/non-black), Hispanic ethnicity, world region of birth, duration of US residence, 

limited English proficiency, education, employment status, insurance coverage, home 

ownership, marital status, region of residence, and metropolitan status. I then generate 

predicted probabilities of being in poverty by legal status for each model separately and 

graph the results. Finally, I estimate a logistic regression model predicting the likelihood 

of being a survey LPR that is misidentified as a non-LPR by the logical approach. 

However, these results are not discussed here and can be found in Appendix A. 

Results 

Descriptive Results 

 Table 1-3 lists the criteria used in the logical imputation method, showing the 

relative influence of each criterion in the identification of LPRs. Receiving public 

assistance and being married to a legal immigrant or citizen are the most influential in 

identifying LPRs: 42% of LPRs identified receive public assistance (“LPRs identified” 

columns) and 21% receive public assistance and meet no other criteria (“Unique 

contribution” columns). Over 60% have a legal or citizen spouse and 36% are identified 

as LPR only because they have a legal/citizen spouse.  

 The “Matches survey values” column in Table 1-3 shows, for each logical 

criterion, the percentage of logical LPRs identified whose survey value also identifies 

them as an LPR. If we take the survey responses for legal status as the “true” values, then 

the percentages in this column can be interpreted as the accuracy of a given criterion and 

any deviation from 100% should be considered error. The percentages range from 71 to 

88, with the Cuban identifier as the most accurate and the public housing criterion with 
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the greatest error. While meeting any given criterion suggests a relatively high likelihood 

of being identified as an LPR using the survey approach, the logical approach adopted in 

this paper and used elsewhere implicitly assumes zero measurement error with respect to 

indicators—meaning that any given indicator of LPR status (e.g., public health coverage) 

is not misreported or allocated incorrectly, and thus that all non-citizens coded to have a 

given characteristic must be an LPR. Table 1-3 demonstrates that this strict assumption 

does not hold for any of the criteria used by the logical approach. 

 Table 1-4 shows summary statistics for individuals identified as LPR and non-

LPR, non-citizen by identification method. In comparison to using survey identification, 

the logical approach produces a profile of the LPR population that is a higher percent 

female and Hispanic, has a lower mean income and higher rates of poverty, is much more 

likely to be married, and is less likely to be employed. Not only do the two methods yield 

LPR population profiles that are quite dissimilar, but the magnitude and in some cases 

direction of the relationships between sociodemographic characteristics and legal status 

vary by method (“Difference” columns). Most notably, the association between poverty 

and legal status changes direction from one method to the other. Survey LPRs are 11 

percentage points less likely to be in poverty than survey non-LPRs, while logical LPRs 

are 2 percentage points more likely to be in poverty than logical non-LPRs. 
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Table 1-3 
  
Logical Approach Criteria     

    

LPRs 
identifieda  Cumulative total Unique 

contributionb 

Matches 
survey 
valuesc 

 Criteria N % N % N % % 
1. Pre-1980 arrival 277 11.2% 277 11.2% 64 2.6% 87.4% 
2. Public assistance 1047 42.2% 1209 48.7% 524 21.1% 73.0% 

3. 
Veteran/Armed 
Forces 17 0.7% 1217 49.1% 8 0.3% 82.4% 

4. Gov't sector occ. 184 7.4% 1367 55.1% 87 3.5% 70.7% 
5. Public housing 149 6.0% 1412 56.9% 17 0.7% 70.5% 
6. Cuban born 210 8.5% 1539 62.0% 62 2.5% 88.1% 
7. Licensed occ. 70 2.8% 1595 64.3% 33 1.3% 82.9% 

8. 
Legal/citizen 
spouse 1506 60.7% 2481 100.0% 886 35.7% 78.6% 

                  
Note: N’s and percentages are unweighted.  
 
a "LPRs identified" columns show the number of sample individuals that meet each 
specific criterion and the percent of the total legal immigrants that the number 
represents. The sum of the percentages exceeds 100 because many individuals meet 
two or more criteria and are thus counted in several rows. 
 
b "Unique Contribution" columns show the number of sample individuals who meet 
that criterion alone but meet no other criterion. The corresponding percentage is the 
percent of all legal immigrants that the number represents, or in other words, the 
percent of legal immigrants that are identified exclusively by that criterion. The 
percentages sum to less than 100 because all individuals who meet two or more 
criteria are not counted. 
 
c  The "Matches Survey Values" column shows the percentage of individuals 
assigned legal status by that criterion whose survey-based value also identifies them 
as a legal immigrant.  
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Table 1-4 
 
Characteristics of the LPR population, by assignment approach 
  Logical Approach Survey Approach 

  (n=2475) (n=3625) 
  
Variable Estimate 95% CI Estimate 95% CI 

Below Federal Poverty Level 
(FPL) 28.1% [26.2-30.0] 23.7% [22.2-25.2] 
Mean income-FPL ratio  218.6 [211.8-225.2] 230.1 [224.5-235.8] 
Mean age   42.3   [41.6-42.9] 40.5 [40.0-41.0] 
Male  42.7% [40.5-44.8] 49.7% [47.9-51.5] 
Race/ethnicity     
 Black 9.9% [8.5-11.2] 11.1% [9.9-12.3] 
 Hispanic 54.1% [52.0-56.3] 49.4% [47.6-51.2] 
Limited English proficient 55.8% [53.7-58.0] 54.8% [53.0-56.5] 
Mean years in US 13.1 [12.6-13.7] 11.6 [11.2-12.0] 
Education      
 Less than high school 39.6% [37.5-41.7] 36.9% [35.2-38.6] 
 High school graduate 21.1% [19.3-22.8] 22.0% [20.5-23.5] 
 At least some college 20.3% [18.5-22.1] 20.7% [19.2-22.2] 
 Bachelors or more 19.0% [17.4-20.7] 20.4% [19.0-21.8] 
Own home 48.3% [46.2-50.4] 48.5% [46.7-50.3] 
Employed 56.4% [54.3-58.5] 64.1% [62.4-65.8] 
Married 73.0% [71.0-74.8] 63.0% [61.3-64.7] 
Source: 2008 Survey of Income and Program Participation (SIPP)   
Notes: Means and percentages are weighted using SIPP person weights. 95% 
confidence intervals are generated with SIPP person and replicate weights. 
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Multivariate Results 

In Table 1-5, I show results from two logistic regression models estimating the 

log odds of being in poverty. A separate adjusted logistic regression model was specified 

for each LPR identification method confirming the bivariate relationships between LPR 

status and poverty. Using the logical approach to assign legal status, the model suggests 

that LPRs have higher odds of being in poverty relative to non-LPRs (log(θ)=0.43, 

p<0.001), holding constant all other variables in the model. The coefficient for LPR 

status derived from the survey approach is negative (log(θ)=-0.16, p<0.10), indicating 

that LPRs have lower odds of poverty relative to non-LPRs, although the coefficient is 

only marginally significant. The associations between poverty and other demographic 

and socioeconomic variables appear to be less sensitive to legal status imputation 

approach. This is indicated by the fact that nearly all other coefficients of predictors 

differ only marginally in magnitude, but not direction, between the two models.  

To more clearly illustrate how the relationship between LPR status and poverty 

differs across legal status imputation approach, I present predicted probabilities of being 

in poverty for LPRs and non-LPRs in Figure 1-1, generated from the models represented 

in Table 1-5. All covariates were held at mean values. The predicted probability of being 

in poverty for LPRs identified by the logical approach is 0.27, compared to a probability 

of 0.19 for those identified as non-LPRs using the same method. In contrast, survey LPRs 

are less likely than non-LPRs to be in poverty, with a probability of 0.22 compared to 

0.24, respectively.  
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Table 1-5 
 
 Logistic regression model predicting log odds of being in poverty by legal status 
assignment approach 

  Logical Approach Survey Approach 

 Independent Variable Coef. SE Coef. SE 
LPR status (ref=non-citizen, non-
LPR)     0.427***  0.089      -0.159 0.081 
Male 0.166*         0.080 0.136 0.080 
Age  -0.009**  0.003  -0.008* 0.003 
Black (ref=non-black)     -0.051      0.154      -0.074  0.156 
Hispanic (ref=non-Hispanic)     -0.083      0.127      -0.072 0.127 
Region of Birth (ref=Europe)      

Asia      0.055      0.162 0.012 0.160 
Africa      0.156      0.293 0.154 0.295 
Caribbean     -0.101      0.216 0.062 0.215 
Central America      0.333      0.184 0.253 0.183 
South America     -0.293      0.228      -0.321 0.228 

Years in US      0.003      0.004 0.007 0.004 
Limited English proficient    0.295**  0.088    0.286** 0.088 
Education (ref=less than high 
school)      

High school/GED -0.384*** 0.096    -0.390*** 0.095 
Some college -0.442*** 0.120     -0.454*** 0.120 
Bachelor's or more -0.535*** 0.137     -0.584*** 0.136 

Employed -1.350*** 0.081   -1.372*** 0.081 
Own home -0.760*** 0.084     -0.740*** 0.084 
Has insurance -0.709*** 0.089     -0.564*** 0.085 
Married -0.446*** 0.083     -0.376*** 0.082 
Has own child 0.528*** 0.078     0.569*** 0.079      
Sample size 5418  5418   
Pseudo R2 0.156  0.152   
Note: Model also includes the following covariates: US region of residence 
and metropolitan status. Weighted using SIPP person weights.   
*** p<0.001, ** p<0.01, *p<0.05 
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Figure 1-1. Predicted probability of poverty for LPRs and non-LPRs by 
 assignment approach 
 
Notes: Error bars show 95% confidence intervals. Each logit model includes  
controls for age, sex, marital status, years of education, employment status, region of 
birth, US region of residence, insurance coverage, home ownership limited English  
proficiency, and metropolitan status. Predicted probabilities were generated with  
covariates at mean values. 
 

Conclusion 

Legal status methodological decisions have significant impacts on conclusions 

about the association between legal status and socioeconomic outcomes. Using a survey 

identification approach, I found that among non-citizens, LPRs were less likely to be in 

poverty than non-LPRs. In contrast, when assigning LPR status to non-citizens using a 

logical approach, LPR status is positively associated with living below the poverty line. 

These findings appear to be robust across survey year. To test the sensitivity of these 

results, I estimated the multivariate analysis using the 2004 SIPP and observed 
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relationships in the same direction and of comparable magnitude for each legal status 

assignment approach.  

Overall, the finding from the logical approach runs counter to evidence provided 

by field studies suggesting that legal residency standing affords immigrants access to 

public benefits and other mobility-generating opportunities that place them at a much 

lower risk of economic hardship relative to unauthorized immigrants (Gleeson and 

Gonzales 2012; Gonzales 2016; Yoshikawa 2011).  

While some criteria used to identify LPRs in the logical approach were accurate 

in identifying certain survey LPRs, such as those who are married or who receive public 

assistance, they also appear to systematically overlook other characteristics of LPRs. In 

this case, many high-income legal immigrants were missed. Additionally, the strong 

influence of the public assistance criterion in the logical imputation method’s algorithm 

produced an LPR population that was disproportionately low-income and impoverished.  

These findings raise significant concerns over the validity of knowledge produced 

using logical approaches to estimate legal status in federal surveys. While I acknowledge 

the need for methods to estimate legal status in microlevel data, any such method should 

be validated and checked against survey reports or administrative data whenever possible. 

I also urge caution against reliance on deterministic assumptions and instead suggest that 

future research examine the viability of alternative, statistical based approaches.  
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CHAPTER 2  

ESTIMATING THE WAGE PENALTY TO UNDOCUMENTED STATUS: 

VARIATION BY IMPUTATION APPROACH 

 
Introduction 

 
The size of the undocumented population in the United States, by most recent 

estimates, varies from 10.5 million (Passel and Cohn 2019) to nearly 12 million (Baker 

2018). The variation in estimates of the size stems from the difficulty in counting a 

population that is by definition hard to count. Measuring the characteristics of this 

population is even more difficult for researchers. One such problem lies in attempts to 

understand the potential effects that a lack of legal standing may have on any number of 

socioeconomic outcomes. By law, undocumented immigrants—noncitizens who lack 

permanent residency status or a valid nonimmigrant visa—are denied the legal 

authorization to work, to receive benefits from most public assistance and public 

insurance programs, and are typically disqualified for any kind of federal financial aid 

(Department of Homeland Security 2019). This level of exclusion from mainstream 

institutions is likely to have severe and lasting effects on undocumented immigrants and 

their families, which may linger for successive generations through their US born 

children (Bean et al. 2015).  

Various legislative attempts over the last two decades at comprehensive immigration 

policy reform—including providing paths to citizenship for certain undocumented 

individuals—have not succeeded. These failures have occurred in the midst of mounting 

evidence that demonstrates stark socioeconomic inequalities between undocumented and 
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lawfully present immigrants.  Much research—though mostly qualitative—suggests that 

undocumented status itself, rather than simply disparate characteristics of the immigrant 

groups, is to blame for much of this inequality (Yoshikawa 2011). Yet, debate persists 

over the degree to which undocumented status constrains the socioeconomic well-being 

immigrants, putting into question the benefits of status legalization (Borjas and Cassidy 

2019). To both evaluate the labor market implications of a change in status for 

undocumented immigrants and to understand the ways in which legal status enables or 

impedes integration into US society more generally, it is vital to be able to estimate the 

current socioeconomic situation of this population. 

However, given the vulnerability of an undocumented status, few surveys request 

detailed migration related information from respondents. While various qualitative and 

small sample studies provide invaluable insight into legal status effects, a lack of 

nationally representative data that include an undocumented status indicator preclude 

generalizations beyond certain subsets of the population. To overcome this limitation in 

the data, researchers have used a variety of proxies for undocumented status. The level of 

detail used in these legal status approximations varies, from broad ethnic-based 

generalizations that treat all workers of certain national origins with certain levels of 

education as undocumented (Orrenius and Zavodny 2016) to assignments based on more 

complex statistical modeling that assign probabilities of being undocumented (Pourat et 

al. 2014). One method in particular has proliferated in recent decades that uses a series of 

logical but deterministic assumptions to assign legal status to individual respondents in 

survey microdata (Passel and Cohn 2014). However, doubts to the validity of this method 

(henceforth referred to as the logical approach) have been raised in recent years. For 
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example, in comparing logically based legal status assignments to self-reports of legal 

status, Spence et al. (2020) found that conclusions about the association between legal 

status and poverty among adults depend entirely on the method used to assign legal 

status. Similarly, Altman et al. (2020) found that the relationship between legal status and 

insurance coverage changed direction when using the logical approach compared to when 

status was derived from self-reports. These and other studies (Van Hook et al. 2015) raise 

concerns about the use of the logical method when estimating a variety of socioeconomic 

outcomes. Wage income is another particularly important indicator of socioeconomic 

well-being that also plays a central role in policy debates related to immigrant 

legalization.  Being able to estimate the potential economic impact of legalizing 

undocumented immigrants—including whether or not they would experience significant 

wage gains from a change in status—is key to informing immigration reform policy 

decisions.  However, given that related outcomes like poverty and insurance status are 

sensitive to status assignment approaches in quantitative studies, previous findings about 

the relationship between legal status and wages may also be suspect.  

This paper contributes to literature on immigrant legal status effects by addressing the 

following questions: First, what is the wage penalty to being undocumented, and how has 

it changed overtime? I utilize two methodologically distinct approaches for assigning 

legal status to foreign born respondents in a nationally representative survey, along with 

standard econometric methods to estimate the wage gap between “legal” immigrants—

those with legal permanent residency or naturalized citizenship—and those lacking 

permanent residency status (i.e., undocumented immigrants). I estimate the extent to 

which the wage gap can be explained by differences in observed characteristics between 
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the groups and how much remains unexplained, representing the wage penalty to 

undocumented status. Second, does the estimated wage penalty vary according to the 

method used to infer legal status of immigrants in survey data? To answer this question, I 

compare the results of wage analyses from two separate legal status assignment 

approaches: a logical approach and a combined sample multiple imputation (CSMI) 

approach.  

The findings of this paper have implications to social science research on immigrant 

integration and legal status effects, as well as to public policy debates related to 

immigration policy reform. The undocumented penalty is a key indicator of labor market 

discrimination for a significant share of US workers, and the size and causes of the 

penalty have been an ongoing debate. Some of the variation in the estimates of the wage 

gap are likely related to the wide range of samples and methodologies employed to study 

a population that is largely “underground”. This study will inform substantive debates 

about the magnitude of the legal status effect on wages as well as make a methodological 

contribution by applying an innovative but reliable legal status assignment approach to 

this problem. At the same time, the comparison between the CSMI approach and the 

increasingly popular logical method should bring more evidence to bear on recent 

controversy over the potential bias in the logical method’s use to study socioeconomic 

outcomes. Finally, results from this analysis will provide insight into the potential gains 

that undocumented immigrants would experience if they were able to adjust their legal 

status in the wake of a legalization program. Evidence of a significant wage penalty, and 

thus a potentially large wage boost for undocumented workers who legalize, may support 

policy efforts to provide citizenship to undocumented immigrants in the United States.  
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Literature review 

Research on the association between legal status and wages emerged out of the 

broader immigrant-native wage literature towards the end of the 20th century. Prior to a 

shift in focus to legal status specifically as a mechanism for wage disparity, several 

studies documented an increasing nativity wage gap between Mexican and US born 

workers in the last three decades of the 20th century (Borjas 1995; Trejo 1997; Massey 

and Gelatt 2010; Massey and Gentsch 2014). While the notion that Mexican-born 

workers were receiving increasingly lower wages relative to their US born peers during 

this time period is widely accepted among researchers in the field, the explanations for 

such a gap have been hotly contested. The debate stems from variation in estimates of 

how much of the wage difference can be attributed to differences in characteristics of the 

groups (e.g., natives have higher levels of education or skills), and how much cannot be 

explained, suggesting discrimination and/or exploitation. 

Among early studies of immigrant-native wage effects, Borjas (1995) argued that 

the wage gap is explained almost entirely by differences in characteristics between 

Mexican and US born workers. Arriving with low levels of education and US work 

experience, Mexican migrants are hypothesized to seek low paying positions that match 

their skill levels. According to Borjas, higher average levels of education and better 

English language skills for native workers translate to better paying jobs, thus generating 

a difference in mean wages between the groups. Noting that the gap in wages between 

Mexican and US born workers as measured in decennial census data increased from 1970 

to 1990, Borjas (1995) claims that a “decline in quality” of immigrants from Mexico was 

the cause. In other words, the lower average wages of newer cohorts of Mexican 
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immigrants reflected their lower levels of education and skills, not an increasing penalty 

to immigrant status. Another study, this time using CPS data from 1979 and 1989, makes 

a similar conclusion, finding that a majority of the wage gap between male Mexican 

wage and salary earners and non-Hispanic whites was due to observable characteristics 

(i.e., differences in human capital), and that this held true even for third-generation 

Mexican Americans (Trejo 1997). 

 In contrast, Massey and colleagues dispute the notion of a decline in skills of 

immigrants in the last thirty years of the decade, instead pointing to a shifting policy 

context that both criminalized Mexican migrants and ushered them into exploitative 

positions (Massey and Gelatt 2010; Massey and Gentsch 2014). Like Borjas, Massey 

identified a steady decline in wages for Mexican workers since 1970 but found that 

controlling for individual characteristics of migrants did little to explain the trend. 

Instead, the decline was strongly tied to the share of the Mexican immigrant population 

that was undocumented. Because undocumented workers lack legal protections and are at 

risk for deportation, they are especially vulnerable to exploitation by employers 

(Waldinger and Lichter 2003; Fussel 2011). As their share of the population increases, 

their bargaining position, and consequently their wages, tend to decline. While Massey 

and colleagues used estimates of the size of the undocumented population as a control 

variable in their analyses, their comparison was between Mexican and US born workers 

and did not directly measure immigration status. 

 The size of the undocumented population dropped significantly with the passage 

of the Immigration Reform and Control Act (IRCA) in 1986, which granted legal status 

to an estimated 2.7 million individuals living in the United States without legal 
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permission who arrived prior to 1982 and met certain eligibility requirements (Chishti et 

al. 2011). However, IRCA also imposed more stringent sanctions on employers who 

hired undocumented workers and stepped-up enforcement of existing immigration law. 

While IRCA laid the groundwork for the integration of millions of formerly 

undocumented individuals into US society, the punitive component of IRCA increased 

the penalties for those who arrived after the 1982 deadline and did not qualify for 

normalization of status (Massey and Gentsch 2014). 

The aforementioned studies, while laying the groundwork for literature on legal 

status wage effects, did not disaggregate their immigrant samples into legal and 

undocumented workers. The post IRCA-era, however, saw a proliferation in research that 

focused on legal status disparities in particular, rather than ethnic or nativity differences. 

For immigration researchers, the exogenous nature of this mass legalization provided a 

unique opportunity to examine the effects of a change in legal status on a variety of 

outcomes—including wages. Migrants who applied for legalization through IRCA from 

1987-89 were included in the Legalized Population Survey (SAW) which, among other 

things, recorded their US wages before and after gaining legal status. Several studies 

exploited the timing of the survey to employ quasi-experimental approaches to estimate 

the effect of legalization on wages.  

For example, Rivera-Batiz (1999) found that legalization had a strong positive 

effect on the earnings of undocumented workers, and that less than half of the gap in 

wages between undocumented and documented Mexican workers was explained by 

differences in their characteristics, implying that employer discrimination was likely a 

major component of the wage gap. Kossoudji and Cobb-Clark (2002) also found that 
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legalization from IRCA increased wages for formerly undocumented workers, but 

suggested that the increase was made possible by the newfound freedom of workers to 

seek jobs that were both better paying and more suited to their skills, allowing them to 

reap greater rewards to their existing human capital. Other IRCA related studies utilized 

survey data from migrant sending communities in Mexico as part of the Mexican 

Migration Project (MMP) to estimate legalization effects on US wages. The MMP used 

self-reports of documentation status to identify citizens, legal residents, temporary 

workers, and undocumented immigrants from Mexico (Lozano and Sorensen 2011). 

Lozano and Sorensen (2011) estimate about a 20% increase to wages of formerly 

undocumented immigrants after legalization in both the MMP dataset and in decennial 

census data with undocumented status imputed using MMP information. Also using the 

MMP, Phillips and Massey (1999) instead examine the labor market effects to 

immigrants who did not attain legal status, finding that wages of undocumented 

immigrants deteriorated as returns to their human capital dropped significantly as a result 

of IRCA. While MMP data are an invaluable source of information on migrants who 

return to Mexico, they are likely not representative of migrants who remain in the US. 

Other studies have examined legal status effects in the post-IRCA era using a 

variety of datasets and imputation techniques. Lofstrom, Hill, and Hayes (2013) use the 

New Immigrant Survey (NIS), a sample of immigrants who attained LPR status in 2003, 

to estimate the effect of legalization on employment outcomes. Using self-reported 

migration and employment information in the NIS, Lofstrom and colleagues (2013) are 

able to identify “continuously legal” immigrants (i.e., legal non-immigrants who attained 

LPR status) and two categories of formerly undocumented immigrants: “illegal border 
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crossers” and “visa overstayers”. They find an interaction effect, where an adjustment of 

status benefited high-skill undocumented immigrants but had little effect on outcomes for 

low-skill workers.  The New Immigrant Survey, however, consists of formerly 

undocumented immigrants who were both eligible to adjust their status and who 

successfully did so, making the survey representative of only a small portion of the 

overall undocumented population. Another study examined the effect of legalization to 

wages of undocumented immigrants by applying previous estimates of the IRCA effect to 

more recent national survey data (Lynch and Oakford 2013). They estimate a 25% wage 

increase for undocumented immigrants who hypothetically adjust first to lawful 

permanent residency and then to naturalized citizenship. However, the accuracy of their 

estimate relies on the assumption that the wage penalty to undocumented status remained 

largely unchanged after more than two decades. 

 The majority of aforementioned studies that measured legal status-specific effects 

use highly selected samples that are not representative of the immigrant population in the 

United States as a whole. This is unsurprising given the sparsity of nationally 

representative samples that include detailed measures of legal status. Hall, Greenman, 

and Farkas (2010), however, use the 1999 and 2001 panels of the SIPP, a nationally 

representative sample that does allow for the identification of non-LPRs4, to compare 

wages between undocumented and documented Mexican immigrants. The SIPP asks non-

citizens if they entered the US with lawful permanent residency status or have adjusted to 

LPR status by the time of the survey.  Hall and colleagues (2010) find that those without 

 
4 The authors also employ a logical algorithm that distinguishes between legal non-
immigrants and undocumented immigrants. 
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legal status receive lower wages than their documented counterparts, and that the wage 

penalty remains after controlling for differences in human capital. Their study focused 

specifically on low skill Mexican workers, however, and their findings cannot be 

extrapolated to the undocumented population as a whole. 

 More recent studies have employed logical imputation approaches to circumvent 

the absence of legal status information in large-scale surveys. Ortega, Edwards, and Hsin 

(2018) use the 2012 American Community Survey (ACS) with an undocumented status 

indicator imputed by the Center for Migration Studies (CSM) to estimate the potential 

effect of legalization for DREAMers—individuals who arrived in the US before age 19 

who have obtained a high school diploma. Through the proposed DREAM Act, these 

individuals would be granted legal work authorization and a path to permanent residency. 

Ortega and colleagues (2018) identified a large productivity penalty associated with 

undocumented status, where documented workers earned on average 22% more than 

undocumented workers with the same education and age. This suggests that 

undocumented workers have much to gain from legalization. Two other studies using 

similar approaches portrayed a more positive outlook for the labor market outcomes of 

current undocumented workers. Using a logical imputation in the Current Population 

Survey (CPS), Forrester and Nowrasteh (2018) found that the wage gap for newer cohorts 

of undocumented immigrants is smaller than for cohorts of the past twenty years, and that 

wages tend to converge with those of natives with increased duration in the US. A more 

recent study using ACS data from 2008 to 2016 found that while a sizeable difference in 

mean wages exists between undocumented and documented immigrants, the majority of 
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the gap can be explained by differences in education, English language skills, and time in 

the US (Borjas and Cassidy 2019). 

 The development of the logical method was a seemingly much needed 

methodological advancement in research on legal status effects. For the first time, 

researchers could apply a fairly simple technique to recent nationally representative data 

and answer questions previously informed solely by qualitative studies, highly selected 

samples, or increasingly dated surveys. However, the accuracy of its legal status 

assignments, and more importantly, whether the use of method can generate valid results 

across a variety of different outcomes, remains under-studied. While the logical method 

may prove reliable in certain contexts (e.g., certain time periods or with specific 

outcomes), it may not be reliable in others. For example, recent studies raise concerns 

about the validity of the logical method when used to estimate socioeconomic outcomes 

such as poverty (Spence et al. 2020) and health insurance coverage (Altman et al. 2020). 

Findings from these studies suggest that when the criteria used in the method to assign 

legal status are highly correlated with the outcome of an analysis, the results may be 

biased. Whether the logical method introduces bias into wage regression analyses 

remains to be seen.  

This paper extends upon previous research in several ways. First, I use nationally 

representative data from 2008 to 2018 to estimate the wage penalty to undocumented 

status for immigrants residing in the United States, regardless of national origin. This 

paper uses more recent data than has been used in prior studies and focuses on 

immigrants from all regions of the world, which is appropriate given the increasing 

national-origin diversity of the undocumented population in the United States. Second, I 
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provide an alternative approach for imputing the legal status of immigrants in survey data 

which has not yet been utilized to examine legal status effects on wages. New and 

innovative approaches to overcoming data limitations in surveys will become 

increasingly important in the current context of increased politicization of federal data 

collection efforts, which may result in a chilling effect on survey participation and a 

decline in data quality. Finally, I examine how my results are sensitive to methodological 

decisions regarding the imputation of legal status by comparing between two independent 

approaches. Studies that evaluate the robustness of their estimates by comparing to other 

research that utilizes equivalent or similar methodologies provides no real test of external 

validity. This exercise is especially important given recent findings that raise concerns for 

the use of the logical method to estimate socioeconomic outcomes. 

Data 

I use data from two nationally representative surveys conducted by the US Census 

Bureau. The primary dataset used for wage analyses comes from the American 

Community Survey (ACS), a cross-sectional survey administered to about one percent of 

the US population each year. ACS data are a rich source of information on population 

and housing characteristics of the United States and include individual level wage and 

income variables. The ACS began in 2005, replacing the long form questionnaire on the 

decennial censuses, and has been conducted annually to present day. I use eleven samples 

of ACS data from 2008 to 2018.  

While the ACS provides information on the citizenship status of foreign-born 

respondents, it does not ask questions about the immigration status of non-citizens, which 

include both undocumented and legally present immigrants.  In order to compensate for 
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missing legal status information, I employ two separate techniques to infer immigration 

status of ACS respondents. The first technique is a logically based assignment (the 

logical approach), which uses associations between legal permanent residency status and 

individual level characteristics, derived from immigration law and other sources (further 

details on the logical approach can be found in the Methods section), to assign legal 

status to respondents. Individuals who do not meet any criteria for legal permanent 

residency status are assumed to be undocumented. 

The second technique, known as combined sample multiple imputation (CSMI), 

uses legal status associations observed in one dataset (the “donor” sample) to impute 

legal status into another dataset where legal status is not observed (the “recipient” 

sample). Because I want to both exploit the large sample size of the ACS and make an 

appropriate comparison to the logical method with the same dataset, I use the ACS as the 

recipient sample in the CSMI approach and for all subsequent wage analyses. The ACS 

provides a new 1% sample of the US population each year, permitting an overtime 

analysis with extremely large sample sizes. The secondary “donor” dataset used here is 

the Survey of Income and Program Participation (SIPP), another survey administered by 

the US Census Bureau. While nationally representative, the smaller sample sizes and 

increasing rates of attrition in each year following the first wave of each panel prevent its 

exclusive use in this analysis. However, it not only includes much of the same 

information as the ACS but also provides more detailed information on immigration 

status. Foreign-born respondents are first asked if they arrived in the US with lawful 

permanent residency status (LPR or “green card” status). If not, they are asked if they 

have since adjusted to permanent residency status. This allows a data user to categorize 
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foreign-born respondents into one of several categories: naturalized citizen, legal 

permanent resident (LPR), and non-LPR. The non-LPR category consists predominantly 

of undocumented immigrants and a small proportion of legal non-immigrants5. For the 

CSMI method, I use the 2008 and 2014 SIPP panels, which together cover reference 

years from 2008 to 20166. 

For all analyses, I limit the sample to foreign-born workers, defined here as adults 

21-64 who were born outside of the US (and who were not US citizens at birth), who are 

not enrolled in school, who report positive wage and salary income, positive weeks 

worked, and positive usual hours worked.  

Methods 

The methods section is divided into several sections. The first two sections detail 

the two methodologies that I use to infer legal status of survey respondents: the logical 

method and the CSMI method. The third section describes the multivariate analyses used 

to estimate the wage gap between legal and undocumented immigrants. I conduct the 

 
5 Legal non-immigrants are comprised of temporary visa holders such as university 

students, high-skill workers, and foreign diplomats, among other visa classifications. 
Given the relatively high skills of legal non-immigrants, the inability to disaggregate the 
non-LPR respondents into undocumented versus legal categories may bias the mean 
wages of the non-LPR category upwards (i.e., artificially inflate the wages of a mostly-
undocumented group). This would mean that the wage penalty estimated by the CSMI 
method may be a conservative one. However, given that LNIs comprise less than 14% of 
the non-LPR population (Hoefer et al. 2008), the magnitude of the bias should be small.  

 
6 The 2008 panel alone is used to impute ACS samples from 2008 to 2012. The 2008 and 
2014 panels were used together to impute years 2013 to 2018. The 2008 panel was only 
used to impute a visa adjustment status variable in years 2013+ due to a change in the 
questionnaire in the 2014 SIPP which removed that variable. 
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same wage analyses for each of the two legal status imputation methods and compare the 

results. 

Inferring Legal Status: The Logical Approach 

The first method I employ to infer the legal status of survey respondents is the 

logical method, created by Passel and Clark (1998) and further developed by Passel and 

colleagues at the Pew Research Center (Passel and Cohn 2014). The logical method uses 

a series of criteria by which to categorize individual foreign-born survey respondents as 

“legal”, based on certain characteristics. The criteria comprise an algorithm which in this 

case is a series of logical statements derived from immigration policies, public law, and 

some basic assumptions. For example, only qualified lawfully present immigrants are 

eligible for government health insurance plans through Medicaid (HealthCare.gov). 

Therefore, any immigrant who reports Medicaid coverage must necessarily be a “legal” 

immigrant, according to the logic of the approach. As another example, lawful residency 

status, or in many cases citizenship, is required for employment by government agencies. 

Thus, any respondent reporting an occupation in the government sector must therefore 

have legal status. While a number of variants of the “logical method” can be found in the 

immigration literature, I employ the approach articulated by Borjas (2017) and Borjas 

and Cassidy (2019). Borjas developed his specific criteria based on a “reverse 

engineering” of legal status indicators added to the Current Population Survey (CPS) by 

the Pew Research Center (Passel and Cohn 2014). While certain details of Pew’s 

algorithm are not revealed in their publications, Borjas (2017) clearly delineates the 

specific criteria used to assign legal status to survey respondents. A foreign-born 

respondent is classified as legal if they: 
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a. Arrived before 1980 

b. Are a citizen  

c. Receive Social Security benefits, Supplemental Security income (SSI), 

Medicaid, Medicare, or military insurance 

d. Are a veteran or are currently in the Armed Forces 

e. Work in the government sector 

f. Reside in public housing or receive rental subsidies, or are a spouse of someone 

who resides in public housing or receives rental subsidies7 

g. Were born in Cuba 

h. Are in an occupation requiring some form of licensing (such as physician, 

registered nurse, air traffic controller, or lawyer) 

i. Are married to a legal immigrant or citizen 

I adopt these eight criteria and include a ninth criterion added by Borjas and Cassidy 

(2019) after another study concluded that their algorithm was systematically excluding 

certain lawfully present immigrants with high levels of education (Albert 2019). This 

final criterion targets high-skill temporary immigrants lawfully present in the United 

States through the H-1B visa program. The criteria as defined in Borjas and Cassidy 

(2019) and adopted here categorize an immigrant as “legal” if: “(1) the immigrant works 

in an occupation that commonly employs H-1B visa holders (such as computer 

programmer); (2) the immigrant has resided in the United States for six years or fewer 

 
7 This criterion is omitted in Borjas (2019) and in this study due to a lack of public 
housing information in the ACS. 
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(i.e., the maximum length of time an H-1B visa is valid); and (3) the immigrant is at least 

a college graduate.”  

If an individual meets any one of criteria a-h, meets the three qualifications for 

being a high-skill H-1B worker, or is married to anyone who meets one of those criteria 

(as per criterion i), they are assumed to be a legally present immigrant. Those who do not 

satisfy any of the above conditions are assumed to be unauthorized. 

Inferring Legal Status: The CSMI Approach 

The second method I utilize to infer legal status of respondents is combined 

sample multiple imputation (CSMI), although it is also known as statistical matching or 

data fusion. CSMI is an extension of multiple imputation, a statistical technique 

commonly used in survey data research to remedy nonresponse to certain questions. With 

multiple imputation, values that are missing—whether due to a respondent not answering 

a question or because a question was not asked of a respondent—are “filled in” in a way 

that is consistent with observed data. The process is iterative, where one respondent will 

be given, or imputed, multiple plausible values for each missing value, resulting in 

several datasets (imputations) of imputed values for missing data. Standard data analysis 

techniques, including regression analyses, can then be performed on each imputation, and 

the results are combined for the estimation of population parameters (Rubin 2004). I use 

the multiple imputation by chained equations (MICE) package in Stata 16.  

Multiple imputation can then be extended to filling in information missing in one 

survey based on observed associations in another survey if certain assumptions can be 

upheld (Rendall et al. 2013). Two or more surveys that sample from the same underlying 

population and share common variables can be combined, harmonized, and treated as one 
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sample for the purposes of statistical inference. Information absent from one survey but 

present in another can be “filled in” with multiple imputation. This strategy is 

advantageous when one sample is much larger but lacks key information, while another 

sample that may be much smaller in size possesses richer information (Rendall et al. 

2013). In this study, the SIPP possesses the key immigration status information and acts 

as the “donor” sample to the much larger “recipient” sample, the ACS. Once pooled, the 

detailed immigration status variables present in the SIPP are treated as missing in the 

ACS. Characteristics such as region of birth, spouse citizenship status, and government 

insurance receipt, that are known to be predictive of immigration status based on 

associations in the SIPP, are also observed in the ACS. Imputation models use regression 

analyses to impute multiple (30 in this case) plausible values on missing variables based 

on associations between legal status and observed characteristics. Once missing values 

are imputed in the ACS, I drop all SIPP observations prior to wage analyses.  

Wage Analyses 

The outcome of interest in this study is hourly wage, calculated by taking 

respondents’ yearly wage income divided by the product of their number of weeks 

worked and usual hours worked per week8. All hourly wages are then converted to 

constant 2010 dollars using the consumer price index (CPI) (US Bureau of Labor 

Statistics 2020). Respondents with wages less than $1 or greater than $300 per hour were 

excluded from analyses. Finally, for all multivariate analyses I take the natural log (ln) of 

the hourly wage. This transformation allows model coefficients or slopes to be 

 
8 For the CSMI method, additional calculations were required to harmonize wages in the 
SIPP data, which report earnings using different variables, with ACS data.  
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interpreted as percent changes in hourly wages. For example, a .20 log increase is the 

same as a 20% increase in wage income. 

The primary explanatory variable in this study is legal status, and the two 

approaches for deriving legal status are outlined above. I also include additional 

covariates found to be predictive of wages for immigrant workers: age (in years), 

experience in the US (years since migration to the United States), experience in the US 

expressed as a fourth-order polynomial (years^4), education level (measured in four 

categories: 12 years, 12-15 years, 16 years, or greater than 16 years), English proficiency 

(measured in five categories: No English, speaks not well, speaks well, speaks very well, 

and only English), region of birth (70 categories), and state of residence (51 categories).  

Model specification 

I use ordinary least squares regression (OLS) to estimate wages for foreign born 

workers, run separately for males and females. Earnings are modeled as a function of 

human capital, legal status, and demographic characteristics. The equation can be 

expressed as follows: 

ln#! = %" 	+ 	%#(! +	%$)!	 + %&*! +	+! 

The outcome #! is the predicted hourly wage of worker i in constant 2010 dollars. The 

intercept term %" is the mean predicted hourly wage when all independent variables in the 

model are equal to zero, which in this case has no meaningful interpretation. (! is a 

vector of human capital characteristics that include education, experience in the US, and 

English language ability, and %# can therefore be interpreted as the returns to human 

capital. )!	is a dummy variable taking a value of 1 if a worker has legal status, where %$ 
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are the returns to legal status. *! is a vector of demographic and control variables, and +! 

is the error term.  

 Next, I employ a decomposition method suggested by Gelbach (2016) to parse out 

the relative contribution of different variables to the wage gap between legal and 

unauthorized workers. Similar to the Oaxaca-Blinder decomposition used widely in the 

economics literature (Oaxaca 1973; Blinder 1973), the Gelbach decomposition can aid in 

explaining how much of the wage gap between legal and undocumented workers is 

attributable to differences in the distribution of characteristics such as levels of education 

and English language skills. The “unexplained” portion of the gap can be viewed as the 

wage penalty and may suggest different wage structures for legal and undocumented 

workers (i.e., discrimination). The Gelbach decomposition in particular is advantageous 

because it is not sensitive to the order in which variables are added to the model. Other 

techniques that involve adding variables sequentially and evaluating the robustness of a 

coefficient on some outcome variable (i.e., how does the effect of legal status change 

after controlling for education) can be problematic because the magnitude and even 

direction of an effect of a variable depends on the sequence in which it is added to an 

equation. The Gelbach decomposition is based on estimates generated from the full 

model specification and is therefore unaffected by the sequence of variable addition 

(Gelbach 2016).  

 Finally, I graph the unadjusted wage gap between undocumented and legal 

immigrant workers along with the adjusted, “unexplained”, wage gap, over time from 

2008 to 2018 for each imputation method. Note that unadjusted gap refers to the mean 

difference in wages between undocumented and legal workers before accounting for 
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observed differences between the groups. The unadjusted wage gap is mathematically 

equivalent to the coefficient for the legal status dummy in a model estimating wages 

when no other variables are added. The “adjusted” wage gap, which I also define as the 

wage penalty, is the difference in mean wages between legal and undocumented workers 

after accounting for differences in their observed characteristics, which is equivalent to 

the coefficient for the legal status dummy in the full model with all controls. 

Results 

I first highlight differences in characteristics of the undocumented and legal 

immigrant samples generated by the two legal status imputation approaches at the 

beginning and end of the reference period. Table 2-1 reports summary statistics for 

foreign born undocumented and legal workers, ages 21-64, separately by legal status 

imputation approach for 2008 and 2018. Most notably, starting with 2008, each 

imputation approach yielded a quite different distribution of undocumented versus legal 

immigrants. The logical approach assigned “legal” status to 64.6% of the (weighted) 

foreign-born sample compared to 74.0% using the CSMI approach. This would suggest 

that at least one of the methods was over- or under- assigning legal status to respondents.  

In 2008, the unadjusted wage gap—or the difference in mean wages between legal and 

undocumented immigrants—was slightly higher for immigrants identified using the 

logical approach (a difference of $7.80) compared to the CSMI approach (a difference of 

$6.90), due to higher wages among legal immigrants identified by the logical approach. 

The sample of undocumented immigrants identified using the logical method is a slightly 

higher percent male (68.2% to 71.3%), higher percent Asian (14.1% to 12.3%), lower 

percent Hispanic (69.7% to 72.9%), and shows a higher uninsured rate (59.7% to 57.4%) 
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and a lower rate of being married with a spouse present (41.3% to 44.2%) compared to 

the undocumented sample identified using the CSMI approach. 

 While many of the patterns described above are also observed in 2018, the wage 

gap, however, increased over time as estimated by the CSMI approach but decreased for 

the logical approach. The mean wage difference between undocumented and legal 

immigrants for logically identified immigrants in 2018 was $5.80 compared to a 

difference of $7.60 using CSMI. Other time trends were similar regardless of imputation 

method. For example, the percent of undocumented immigrants living in California 

declined while their share increased in Texas. Also notable is the drop in the percent of 

the undocumented population that immigrated from Mexico, evident in both imputation 

approaches, as the proportionate size of undocumented immigrant shares from regions 

such as Central America, East Asia, India, and Africa increased. 

Table 2-2 shows results from four OLS regression models estimating the log 

hourly wages of adult foreign-born workers in 2008. I specified one model using the 

logical approach to assign legal status and one model using the CSMI approach, 

separately for men and women. Due to the log transformation of the outcome—hourly 

wages—coefficients can be interpreted as percent differences in wages, compared to the 

reference category of a predictor. For example, the coefficient for the legal status dummy 

variable for men in the “Logical” column (.055) indicates that foreign-born male workers 

with legal status earn on average 5.5% higher wages than undocumented workers, 

holding constant other characteristics. First, to compare across imputation approaches, 

the main difference is the magnitude of the coefficient for the legal status dummy.  
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Table 2-1 
 
Descriptive statistics of the legal and undocumented samples by imputation method 
    2008 2018 

  
Logical 

approach CSMI approach 
Logical 

approach CSMI approach 
Variable Legal Undoc. Legal Undoc. Legal Undoc. Legal Undoc. 
Mean hourly wage ($) 23.7 15.9 22.7 15.8 25.1 19.2 24.9 17.3 
Mean age 43.3 36.4 42.6 35.7 44.5 39.4 44.3 37.7 
Male (%)  54.4 68.2 55.0 71.3 53.1 63.7 53.5 67.5 
Race/ethnicity  (%)              
 Black   9.4 5.8 9.2 5.1 10.9 6.4 10.3 6.8 
 White  52.6 60.3 53.8 59.9 51.6 57.7 51.4 61.6 
 Asian  29.4 14.1 28.1 12.3 30.0 19.8 29.7 15.9 
 Hispanic  (any race) 39.4 69.7 42.1 72.9 40.7 63.6 42.1 68.5 
Limited English proficient  
(%)  41.7 72.6 46.2 71.0 38.6 61.5 40.8 63.0 
Mean years in US 21.5 10.9 19.8 12.0 22.6 14.4 21.8 13.9 
Education  (%)             
 Less than high school  18.8 42.3 22.0 41.8 15.1 33.1 17.6 30.8 
 High school graduate  28.2 30.1 28.2 30.8 28.9 31.0 28.4 34.4 
 At least some college   18.2 10.0 17.1 10.1 17.2 10.4 16.3 10.9 
 Bachelors  20.6 10.3 19.3 10.3 22.1 12.5 20.9 13.0 
 >Bachelors  14.2 7.4 13.5 6.9 16.7 13.1 16.8 10.8 
Uninsured  (%)  19.5 59.7 25.3 57.4 11.5 46.0 15.7 44.3 
Married, spouse present  (%)  68.7 41.3 64.2 44.2 66.5 42.7 63.7 43.5 
Single, never married  (%)  14.7 36.9 17.8 36.0 16.9 35.8 18.6 37.5 
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Table 2-1  
 
(continued) 
    2008 2018 
  Logical approach CSMI approach Logical approach CSMI approach 

Variable Legal Undoc. Legal Undoc. Legal Undoc. Legal Undoc. 
State of residence  (%)             
 California  26.5 24.2 26.1 24.4 24.3 19.7 24.2 17.5 
 New York  12.1 8.6 11.3 9.7 10.7 7.2 9.8 9.6 
 Texas  8.7 12.7 9.7 11.4 9.3 15.6 10.5 13.3 

Birthplace  (%)             
 Mexico 22.7 50.6 25.8 51.9 21.6 42.3 23.8 42.8 
 Cuba 3.3 0.0 2.4 1.5 3.7 0.0 2.7 2.8 
 Central America 5.9 12.8 7.1 11.8 6.5 14.1 7.4 13.9 
 South America 6.9 6.7 6.7 7.4 7.8 7.0 7.6 7.5 
 East Asia 9.1 5.2 9.1 3.8 9.3 7.0 9.5 4.9 
 SE Asia 13.0 4.4 12.2 3.5 11.3 3.9 10.6 3.1 
 India 6.9 4.1 6.3 4.7 8.8 8.1 8.9 7.5 
 Other Asia and Mideast 3.5 1.2 3.3 1.1 3.7 2.0 3.4 2.4 
 Europe 13.7 6.4 13.0 5.8 10.9 5.8 10.8 4.2 
 Canada 2.3 0.9 2.1 1.0 1.7 1.1 1.6 1.2 
 Africa 3.9 2.8 3.8 2.7 5.9 3.8 5.7 3.6 

N   116,060 48,621 128,098 36,583 143,847 42,354 158,351 27,850 
Note: Sample includes adults 21-64 who are not enrolled in school and who report hourly wages between $1-
$300 
Data: American Community Survey 2008 and 2018      
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For both men and women, the effect of legal status on hourly wages is stronger in models 

using the CSMI approach. In other words, the adjusted wage gap between undocumented 

and legal immigrants is larger for immigrants identified using CSMI compared to the 

logical method—6.5% compared to 5.5% for men and 4.7% compared to 3.4% for 

women, although the coefficient for women in the CSMI model is not significant. 

Coefficients for other covariates in the models, however, were nearly identical across 

imputation approaches, suggesting that the effects of human capital characteristics on 

wages operated in similar ways regardless of legal status imputation approach. These 

characteristics did, however, differ in their magnitude by sex. Female workers saw 

greater returns to education compared to male workers, but lower returns to English 

language skills.  

Table 2-2. 
 
OLS regression results estimating the natural log of hourly wages for male 
and female workers, 2008 
    Men   Women   
  Logical  CSMI Logical CSMI 

Variable b b b b 
Legal status (ref=undoc) .055*** .065** .034*** .047 
Years in US .009*** .000*** .009*** .010*** 
Years in US^4 .000*** .000 .000*** .000*** 
Education level (ref=<12 years)      
 12 years .048*** .048*** .087*** .088*** 
 13-15 years .158*** .158*** .222*** .223*** 
 16 years .394*** .395*** .456*** .457*** 
 >16 years .739*** .739*** .745*** .746*** 

English level (ref=no English)      
 Speaks not well .065*** .067*** .026*** .025*** 
 Speaks well .170*** .174*** .144*** .144*** 
 Speaks very well .279*** .299*** .269*** .268*** 
 Only English .328*** .332*** .278*** .278*** 

N   92472 92472 72208 72208 
***p<.001, **p<.01, *p<.05. ACS 2008        
Note: Models also control for age, state of residence, and birthplace  
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 Table 2-3 shows OLS regression results from 2018. Compared to 2008, the legal 

status effect on wages decreased for both men and women in models that use the logical 

approach, while the wage effect increased in models that used CSMI. The wage gap did 

not only remain higher for immigrants identified with the CSMI method compared to the 

logical approach, but the difference in the gap between the methods widened. For human 

capital characteristics, associations remained fairly stable over time and across 

imputation methods, with slight changes to the magnitude of certain coefficients. 

 

Table 2-3. 
 
OLS regression results estimating the natural log of hourly wages for male 
and female workers, 2018 
    Men   Women   

  Logical  CSMI Logical CSMI 
Variable b b b b 
Legal status (ref=undoc) .030*** .082** .023*** .067 
Years in US .005*** .005*** .009*** 0.009*** 
Years in US^4 .000*** .000 .000*** .000*** 
Education level (ref=<12 years)      
 12 years .059*** .061*** .062*** .063*** 
 13-15 years .165*** .167*** .187*** .187*** 
 16 years .494*** .496*** .476*** .477*** 
 >16 years .838*** .840*** .785*** .785*** 

English level (ref=no 
English)       
 Speaks not well .046*** .045*** .004*** .003 
 Speaks well .140*** .137*** .070*** .067*** 
 Speaks very well .279*** .273*** .239*** .234*** 
 Only English .290*** .285*** .229*** .226*** 

N    100871 100871 85330 85330 
***p<.001, **p<.01, *p<.05     
Note: Models also control for age, state of residence, and birthplace 
Data: ACS 2018     
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 Table 2-4 shows a decomposition of the wage gap based on eight separate models 

shown in Tables 2-2 and 2-3. The “difference” row shows the unadjusted difference in 

mean wages between legal and undocumented workers. The “explained” row shows the 

portion of the wage gap that is accounted for by variables in the model listed below. The 

“unexplained” row is the remaining wage gap between legal and undocumented workers 

that is not due to differences in observed characteristics. This table further highlights two 

important aspects of difference between the logical and CSMI methods. In Table 2-4 we 

can see that the logical method suggests both that undocumented immigrants face less of 

a wage penalty due to their status in 2018 compared to 2008 AND that the differences in 

characteristics between undocumented and legal workers lead to a much smaller 

explained gap over time (i.e. undocumented and legal workers become less different in 

terms of their characteristics). The CSMI method in contrast suggests that the wage 

penalty increases overtime and, while the explained gap gets marginally smaller from 

2008 to 2018, it is actually larger in magnitude than the explained gap as estimated by 

logical approach in 2018. 

The bottom portion of the table under “Fraction explained by” shows the portion 

of the wage gap between legal and undocumented immigrants that is explained by 

different covariate groups in the regression models. For example, in the far-left column 

representing the model that uses the logical method for male workers in 2008, differences 

between the two groups (undocumented versus legal) in terms of their age distributions 

alone lead to a 3.4 percentage point wage gap. In the same model, differences in 

education levels between undocumented and legal workers lead to an 11 percentage point 

difference in wages. 
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Table 2-4.  

 
Decomposition of the wage gap between legal and undocumented workers, 2008 and 2018 

    2008 

  Men Women 

    Logical CSMI Logical CSMI 

Difference .422 .364 .357 .339 

Explained .366 .299 .323 .292 

Unexplained .055 .065 .034 .047 

Fraction explained by:         
 Age .034 (8.0%) .033 (8.9%) .013 (3.6%) .013 (3.8%) 

 State of residence .005 (1.2%) .004 (1.0%) .008 (2.4%) .006 (1.8%) 

 Years in US .072 (17.0%) .053 (14.5%) .083 (23.2%) .070 (20.6%) 

 Education .110 (26.0%) .095 (26.1%) .097 (27.2%) .089 (26.3%) 

 Birthplace .058 (13.8%) .052 (14.3%) .046 (12.9%) .055 (16.3%) 

 English level .088 (20.8%) .063 (17.2%) .076 (21.2%) .060 (17.6%) 
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Table 2-4.  

 

(continued)         
    2018 

  Men Women 

    Logical CSMI Logical CSMI 

Difference .280 .338 .271 .349 

Explained .250 .256 .248 .282 

Unexplained .030 .082 .023 .067 

Fraction explained by:         
 Age .025 (8.9%) .042 (12.5%) .013 (4.9%) .027 (7.8%) 

 State of residence .007 (2.6%) .006 (1.8%) .014 (5.2%) .010 (2.9%) 

 Years in US .040 (14.4%) .036 (10.7%) .063 (23.4%) .066 (18.9%) 

 Education .092 (32.9%) .092 (27.2%) .075 (27.5%) .087 (24.9%) 

 Birthplace .027 (9.6%) .028 (8.4%) .034 (12.4%) .041 (11.9%) 

  English level .059 (21.0%) .051 (15.0%) .049 (18.1%) .051 (14.6%) 

Notes: Decomposition based on OLS models estimating natural log of hourly wages. Coefficients 

from CSMI models were averaged across 30 imputed datasets 
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In 2008, although the unadjusted wage differences between legal and 

undocumented workers are larger in models using the logical method, the covariate 

groups, which represent demographic and human capital characteristics, tend to 

contribute more to the wage gap compared to the same covariate groups in models using 

the CSMI method. This results in larger unexplained wage gaps, or wage penalties to 

being undocumented, for both men and women in models using the CSMI method. 

Compared to 2008, the unadjusted wage gaps decrease in 2018 for each model except for 

women in the model that uses CSMI. For models using the logical method, this leads to a 

smaller adjusted wage gap, or unexplained portion, for both men and women compared to 

ten years prior. This pattern was not observed for models using the CSMI method. For 

example, while covariate groups in 2008 led to a 29.9 percentage point difference in 

wages between legal and undocumented male workers (the sum of coefficients for all 

covariate groups, which is equal to the “explained” value), the same covariates 

contributed to a 25.6 percentage point difference in 2018. Even though the unadjusted 

wage gap went down for male workers over time, the lower returns to their observed 

characteristics resulted in a larger estimated wage penalty to being undocumented, in 

models using the CSMI method. The wage penalty for female workers as estimated by 

the model using CSMI, represented by the “unexplained” row, increased from 4.7% in 

2008 to 6.7% in 2018. 

 Finally, I estimated the unadjusted and adjusted wage gaps for each year from 

2008 to 2018, which are graphed in Figures 2-1, 2-2, and 2-3. Figure 2-1 shows the 

unadjusted wage gap over time, where dotted lines represent the gap for male workers 
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and solid lines represent the gap for female workers. Blue lines reflect models estimated 

using the logical method while orange lines reflect models estimated using the CSMI 

method. For both men and women, the logical method (blue lines) shows a steeper 

decline in the unadjusted wage gap over time, compared to the CSMI method. The wage 

gap estimated by the CSMI approach was slightly more variable over time, reaching a 

peak in 2014 for both men and women before declining to a magnitude in 2018 that is 

close to the gap estimated at the beginning of the reference period. 

 

 
Figure 2-1. Unadjusted wage gap between legal and undocumented workers, 2008-2018 

 

 Figure 2-2 shows the wage penalty to undocumented status for male workers from 

2008 to 2018 as estimated separately by the logical approach and the CSMI approach. 

While the estimated wage penalties in 2008 begin at similar magnitudes—.055 for the 
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logical method and .065 for the CSMI approach, a 1 percentage point difference—they 

diverge over time. While the penalty as estimated by the logical approach stays between 

.04 and .06 through 2013 and then slowly dips to a low point of .03 in 2018, the penalty 

estimated by the CSMI approach increases for several years before dipping to a low point 

in 2013 and then increasing once again, staying consistently higher than the penalty 

estimated by the logical method. 

 

 
Figure 2-2. Adjusted wage penalty to undocumented status for male workers, 2008-2018 

 

Figure 2-3 shows the wage penalty to undocumented status for female workers 

from 2008 to 2018 as estimated separately by the logical approach and the CSMI 

approach. The general trend is similar to that of male workers within each imputation 

approach. The wage gap estimated by the CSMI approach is consistently higher than that 
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of the logical method, increasing between 2008 and 2018, while the gap estimated by the 

logical method declines over time.  

 
Figure 2-3. Adjusted wage penalty to undocumented status for female workers, 2008-
2018 
 
 

Discussion and Conclusion 

The results of this study suggest that the method used to infer legal status of 

immigrants in survey data matters for estimating the effect of legal status on 

socioeconomic outcomes, such as the wage penalty to undocumented status. Starting by 

looking at descriptive statistics of the different samples generated by the logical and the 

CSMI approaches, we can see some notable differences in group characteristics. While 

the distributions of many characteristics are generally very similar for both imputation 

approaches, some of the key differences that do appear are predictable given the 

deterministic criteria of the logical approach. As an obvious example, the logical 
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from Cuba, while the CSMI approach estimates that about 1.5% in 2008 and 2.8% in 

2018 were born in Cuba. The absence of a single Cuban immigrant in the undocumented 

group identified by the logical approach is unsurprising given that the method includes a 

logical criterion that assigns legal status to all respondents from Cuba. That is, by 

definition of the logical method, Cubans cannot be undocumented. Similarly, the 

significantly lower uninsured rate among legal immigrants identified with the logical 

approach may in part be explained by the logical criterion that assigns legal status to any 

respondent that reports government insurance. This means that if an undocumented 

individual reports Medicaid receipt because they used a form of emergency Medicaid for 

which they were eligible, or if they erroneously reported their US born child’s 

government insurance program as their own, for example, the logical method would 

assign them to the “legal” immigrant group. As a final example, the logical criterion that 

assigns legal status to any respondent that lives with a legal or US citizen spouse 

precludes the existence of mixed-status households, where one spouse may be 

undocumented while the other has legal residency. This may partially contribute to the 

higher percentage of legal immigrants who are married with a spouse present in the 

sample identified with the logical method, compared to the CSMI method which does 

automatically assign legal status based on spouse status.  

While the examples described above may contribute to some of the minor differences 

in group characteristics between imputation methods that I document in Table 1, the 

implications to the wage analyses are less clear. However, as has been reported in two 

recent studies, the systematic nature of these kind of misclassifications can lead to bias in 

the estimation of legal status effects on outcomes like poverty (Spence et al. 2020) and 
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insurance coverage (Altman et al. 2020). This suggests the potential for bias in estimating 

a related outcome such as wages. As a possible alternative, instead of using deterministic 

assumptions to assign a single status to each respondent, the CSMI method uses statistical 

associations to predict multiple possible outcomes (i.e., legal statues), which allows for 

random deviations from the most probable status assignments. This may be advantageous 

given the complex nature of both immigration policy in the United States and survey 

reporting, where exceptions, such as mixed-status households or emergency Medicaid 

reporting by undocumented immigrants, are possible.  

 The results from multivariate analyses demonstrate that the choice of method used 

to assign legal status also has implications beyond minor differences in characteristics 

between the samples generated by each method. The wage penalty to undocumented 

status appears consistently higher over time when estimated using the CSMI method 

compared to the logical method. While results from the logical method document a gap 

that is declining over time, suggesting that undocumented immigrants should see higher 

returns to their human capital in 2018 compared to 2008 for example, the outlook for the 

wage disparity between undocumented immigrants and their legal counterparts is less 

rosy when estimated using the CSMI approach. 

 This study has serious implications to immigration research and survey 

methodology. These findings contribute to concerns raised in other recent studies that the 

use of the logical approach to assign legal status in federal surveys may in itself affect the 

results of analyses and lead to conclusions that are not consistent with alternative 

methodologies. It is beyond the scope or ability of this analysis, however, to claim that 

one method generates “better” or more accurate results than the other. While the need for 
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methodological techniques to infer legal status in survey microdata will likely persist in 

the absence of new datasets, these results suggest that researchers should examine 

multiple independent strategies to test the robustness of their results. Particular caution 

should be taken when using logical assignments based on deterministic criteria, and I 

instead suggest that the use of statistical methods, such as CSMI, be further investigated 

in future studies. 

The implications of these findings also extend into the realm of public policy. In 

the current political climate, the prospect for comprehensive immigration reform, which 

may include measures that grant legal residency, work authorization, or even paths to 

citizenship to undocumented residents, once again seems possible. The findings of this 

study suggest that undocumented immigrants face a significant barrier to reaping the 

rewards of their human capital and would therefore likely see significant wage increases 

if the impediment of their status was removed. This provides support for evidence of a 

positive “legalization effect” on the socioeconomic outcomes of immigrants who adjust 

their status. 
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CHAPTER 3 
 

MEASURING THE EFFECT OF IMMIGRANT LEGAL STATUS ON 

SOCIOCEONOMIC OUTCOMES: INSIGHT FROM AN ADMINISTRATIVE 

SOURCE 

 

Introduction 

In the absence of nationally representative survey data that report detailed legal 

status information for non-citizen respondents, demographers have developed a variety of 

methods to impute legal status in survey microdata. The accuracy of the microdata 

imputations and the validity of estimates generated by them are understudied. However, 

recent studies suggest that the approach used to assign legal status can have serious 

implications to the nature of the results generated in substantive research inquiries (see 

Chapters 1 and 2). One important question that remains is which method is better--which 

method most accurately assigns legal status to survey respondents, or more importantly, 

which method best estimates the impact of legal status on important indicators of 

immigrant integration and wellbeing? While we can compare status assignments and 

estimated outcomes across imputation methods, the only way to truly test the accuracy of 

a method would be to compare imputed values to “true” values. This paper addresses this 

question by combining restricted administrative records from the Social Security 

Administration with survey data to compare “official” legal status reports to those 

generated by two popular assignment techniques, the “survey” method, which relies 

simply on respondents’ survey answers to relatively direct probes about their visa and 
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legal residency status, and the “logical” method, which infers individuals’ legal status 

from other indicators in the data. 

Specifically, this study addresses the following questions: First, how can 

administrative records linked to survey data be used to infer the nativity and legal status 

of survey respondents? Here, I detail the construction of a legal status assignment 

approach using administrative records compiled in the Social Security Administration’s 

Numerical Identification database (Numident). Second, how do Numident-based legal 

status assignments compare to survey self-reports and to logically derived statuses? 

Using the same survey sample, I assign legal status to respondents separately using three 

different techniques. I then compare population characteristics of legal status groups 

assigned using administrative (Numident) data to assignments based on self-reports, and 

to a popular logical imputation approach. Finally, I ask: How do estimates of population 

parameters (i.e., legal status effects) vary according to the use of each of the three 

methods? To answer this question, I estimate regression models predicting several 

outcomes important to research on immigrant integration for each of the legal status 

assignment techniques. I then compare the extent to which model coefficients estimated 

using survey reports and using the logical method deviate from those estimated using the 

Numident method. This comparison will provide insight into the relative accuracy and 

possible biases of two prevailing legal status assignment approaches. 

 Results from this study have methodological implications to quantitative research 

on immigrants and legal status, as well as to public policy related to immigration. First, 

the use of an innovative data linkage to develop a new and reliable approach for inferring 

the legal status of immigrants in survey data will provide insight into the relative 
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accuracy of other commonly used approaches. Results should inform methodological 

decisions of future studies that attempt to estimate the effects of immigrant legal status 

and could raise concerns over the validity of results generated in past research. Second, 

the use of “official” values of immigrant legal status to estimate several socioeconomic 

indicators may provide the best estimates to date of how lawful residency status—or 

undocumented status—can act to facilitate or inhibit immigrant socioeconomic 

integration and wellbeing. Knowing the extent to which undocumented status imposes a 

penalty on individuals and their families can inform policy debates on immigration 

reform—specifically efforts to regularize the status of millions of immigrants with 

precarious legal standings.   

Background on Administrative Data Linkages 

 Given the unique nature of the data used in this analysis, it will be useful to 

understand why survey data are linked to administrative records, how they are linked, and 

in what ways have these data been used thus far? In the following section, I provide 

background information on the development of survey-administrative data linkages in 

general and on the SSA Numident dataset used here. This should provide support for the 

use of the Numident data as a benchmark by which to compare survey-derived 

information. I conclude the section by describing how previous applications of linked 

survey-administrative data can be extended to study the foreign-born population and how 

the specific linked-data used in this analysis are particularly suited to examine legal status 

effects. 
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Previous Research Using Administrative Data 

As survey nonresponse has risen in recent decades, researchers have sought new 

and innovative ways to deal with the resultant missing data and its threat to data quality 

(Singer 2006). Federal statistical agencies—whose large-scale surveys are increasingly 

costly to administer but are invaluable to diverse research efforts—are particularly 

motivated to address data quality concerns. One promising avenue of research for survey 

statisticians at the Census Bureau, the largest of the federal statistical agencies, has been 

the use of administrative data to supplement survey responses (U.S. Census Bureau 

2018). Administrative data, which include records from agencies like the Internal 

Revenue Service (IRS), Social Security Administration (SSA), and the Centers for 

Medicare and Medicaid Services (CMS), are seen as extremely high quality and cover a 

large share of the US population (Haines and Greenberg 2005). If records from one or 

more of these agencies are linked to survey microdata, survey statisticians can potentially 

fill in missing responses, verify self-reports, and address concerns of nonresponse bias. 

There are several advantages to combining survey data and administrative 

records. On the one hand, survey questionnaires can be quite extensive and provide a rich 

variety of information on many topics. This permits researchers to examine a wide range 

of outcomes and to use the data to serve a variety of purposes. Major federal surveys also 

have relatively large sample sizes and employ complex sampling techniques so that they 

are nationally representative, allowing for generalizations to larger populations. However, 

rates of nonresponse to certain questions and refusals to participate in surveys have been 

on the rise for several decades (Singer 2006). If nonrespondents differ from respondents 

in meaningful ways, the threat of nonresponse bias is present, and the sample may no 
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longer be representative of the population (Kinney and Cooney 2019). On the other hand, 

administrative data are used to determine eligibility for government programs and benefit 

amounts, so the data undergo rigorous quality control and are considered highly accurate 

(McNabb et al. 2009; Haines and Greenberg 2005). The scope of the data, however, are 

much more limited. Depending on the origin of the records, the data may only include 

personal identifying information (PII) and content specific to the agency that generated 

the record. Thus, linked data can combine the range and scope of survey data with 

completeness and accuracy of administrative records (Haines and Greenberg 2005). 

Linking survey respondents to their corresponding record in an administrative 

database is a complex process that has evolved over time. The Census Bureau currently 

uses a probabilistic technique called the Person Identification Validation System (PVS) 

which assigns unique identifiers to individuals across federal surveys and matches them 

to administrative reference files (Wagner and Layne 2014). If respondents provide a 

social security number, this can be checked against the primary reference file, the SSA 

Numident, which is a masterfile of all social security numbers. If an SSN is not provided, 

the PVS uses a respondent’s provided names, date of birth, gender, and address to 

attempt to verify their identity in several other reference files. As of 2010, reference files 

also include the IRS database of individual taxpayer identification numbers (ITINS) 

(Bhaskar et al. 2015), which are provided to foreign nationals (including undocumented 

immigrants) who do not have and are ineligible for social security numbers (Internal 

Revenue Service 2021). If the PVS is able to reach a certain threshold of certainty that an 

identity can be matched to a reference file, a matched individual is assigned a unique 

person identifier called a protected identification key (PIK). The PIK “serves as a person 
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linkage key across all files that have been processed using PVS” (Wagner and Layne 

2014). Using the current PVS process, the vast majority of participants of federal surveys 

can be assigned a PIK and linked to one or more administrative databases.9 

Although highly effective, the PVS algorithm is far from perfect. A non-

negligible portion of survey respondents who should match—that is, who possess a 

corresponding record in an administrative reference file—do not match. These “false 

negatives” can occur for several reasons: if a person fails to provide sufficient identifying 

information (e.g., a person provides their birth year but not birth day and month), if a 

person’s identifying information differs between the survey and reference files (e.g., a 

person uses a different version of their last name in instances where multiple or 

hyphenated last names are involved), or if address information differs between survey 

and reference files (e.g., due to a recent move) (Bond et al. 2014). The prevalence of 

erroneous non-matching—false negatives—is difficult to measure, however, because it is 

impossible to know if a non-match occurred because of an error with PVS, or because the 

person simply does not have a corresponding administrative record.  

 
9 While all individuals whose identity can be verified in one of the reference files 

are assigned a PIK, it is important to note for this study that not all individuals with PIKS 
will have a record in every administrative database. As an example, consider an 
undocumented immigrant who participates in a federal survey. PVS will first attempt to 
use their name and personal identifying information to match them to a social security 
record. Because they do not have an SSN, this match attempt will fail, and PVS will then 
use their PII to match them to another reference file. Because this individual works and 
complies with federal tax law, they have requested and been assigned an ITIN. PVS will 
be able to use their PII to match them to their ITIN and thus, assign them a PIK. This 
individual, while having their identity verified using the Person Identification Validation 
System and having been assigned a PIK, still lacks a social security number and can 
therefore not be matched to the SSA Numident. 
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Though unable to disaggregate the false negatives from the non-matching group, 

researchers are able to study rates of non-matching overall.  Rates of successful PIK 

assignment vary by survey and year. For example, Census researchers were able to assign 

PIKs to 77% of respondents in their 2013-2014 Consumer Expenditure Survey, which 

provides data on expenditures, income, and demographic characteristics US consumers, 

compared to 87% in the 2016 Current Population Survey, and 91% in the 2014 Survey of 

Income and Program Participation (Brummet et al. 2018). Several studies have also 

compared the characteristics of matching respondents to those who do not match, finding 

that certain characteristics are predictive of matching or not matching to an administrative 

file. In other words, the process is not completely random. One study found that the PIK 

process is less likely to “validate mobile persons, those with less education and income, 

poor English ability, non-employed, non-citizens, non-participants in government 

programs, and minorities” (Bond et al. 2014). Another study found similar associations 

between the likelihood of being assigned a PIK and citizenship, income, employment, 

race, and ethnicity (Bhaskar et al. 2018). While these findings suggest the potential for 

bias in studying only those records which are matched, the relatively high rates of 

matching across federal surveys reduce the threat of such a bias, and the potential 

benefits of supplementing survey reports with administrative records even for just those 

respondents who match are great. 

 Various studies explore the feasibility of using linked survey and administrative 

data, most of which come from Census Bureau publications and working papers. For 

example, by linking the 2014 SIPP with administrative records from the Social Security 

administration, Census Bureau researchers found that nearly half of respondents who 
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reported Supplemental Security Income (SSI) did not have a corresponding SSI record 

(Giefer et al. 2015). They determined that there was a high level of “program confusion”, 

where respondents were reporting SSI instead of Social Security, and vice versa. Use of 

administrative records allowed for the correction of a large portion of this program 

confusion (Giefer et al. 2015). 

Another study leveraged survey-administrative linkages from several federal 

sources to examine measurement error, non-response bias, and the quality of imputation 

and weighting processes in the Consumer Expenditure Survey (Brummet et al. 2018). 

While wage reporting in the survey was largely consistent with administrative records, 

the authors found that the level of nonresponse on the wage question varied across the 

wage distribution as measured in administrative records—an indication of nonresponse 

bias. In this case, the comparison of information from administrative records 

demonstrated support for survey self-reports and provided insight into potential issues 

related to nonresponse. Finally, using IRS records, Foster et al. (2018) found a high rate 

of inconsistency between migration questions in the American Community Survey (ACS) 

and the same information taken from tax records—particularly for individuals with 

allocated or imputed responses. They demonstrated that supplementing self-reports of 

migration from the ACS with information taken from tax forms such as the 1040, 1099, 

and W2 records could significantly improve the accuracy of the survey data. 

The potential benefits to overall survey data quality of linking survey and 

administrative sources seem clear. For respondents who can be matched to administrative 

records, survey researchers can compare self-reports of measures such as wages, 

insurance coverage, and public benefit receipt against “official” records. They can also 
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assess and correct for nonresponse bias by examining IRS income records, for example, 

of respondents who failed to report their income in a survey. However, these advantages 

are largely limited to the portion of a survey sample who can successfully be matched to 

an administrative record. Not all survey respondents match, either because they lack a 

corresponding record in an administrative file, or because the PVS process is unable to 

make a match even when a record exists. Knowing how well administrative records cover 

the foreign-born population and if the PVS process is as effective for foreign-born 

respondents as it is for US natives is key to understanding whether the benefits of using 

linked data can be extended to studies of the foreign-born population. 

Two studies examined the coverage of the foreign-born population in 

administrative records. Bhaskar et al. (2015) found high coverage rates of the foreign-

born population in their sample of respondents from the ACS, although the rate of 

matching was correlated with several measures of immigrant integration. For example, 

duration of residence in the United States, having citizenship, and English language 

proficiency were found to be predictive of being assigned a PIK and matching to one of 

several administrative sources. Similarly, Foster et al. (2018) determined that the 

population found in IRS records was “remarkably similar to that found in the 2010 

Census with respect to population age, sex, regional, and nativity distributions.” Their 

study even suggested that tax records could provide particular insight into hard to 

measure populations such as the non-citizen immigrant population. 

 While the foreign-born population may be well-represented in administrative 

sources overall, this study employs a single administrative database—the Social Security 

Administration Numident. Selection into the Numident in particular is likely to be highly 
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stratified on citizenship and immigrant legal status, given the eligibility criteria for Social 

Security receipt (e.g., all citizens are eligible but only those non-citizens with work 

authorization are eligible). While the systematic exclusion of the undocumented 

population from the Numident would preclude a legal status study that only examined the 

matched portion of the survey sample, the systematic nature of the non-matching makes 

the survey-Numident linkage uniquely suited to an analysis of immigrant legal status 

using both matched and non-matched records. Theoretically, the Numident can provide 

“official” legal status information for all matched respondents, and the phenomenon of 

non-matching can be leveraged to inform the status assignment for the remaining 

respondents without a Numident record. I describe this process in more detail in the 

following section. 

Data 

Survey data 

The analytical sample for all analyses comes from the 2008 panel of the Survey of 

Income and Program Participation (SIPP). The SIPP is a nationally representative 

household-based survey that provides rich information on individual and household 

income and government program participation, in addition to basic demographic and 

family characteristics. Households are interviewed every four months over the course of 

four years. Each interview period is referred to as a wave, and each wave contains a 

topical module of questions related to a different subject. I use observations from the 

wave 2 topical module, which includes a set of detailed migration related questions. This 

set of questions allows for the identification of more detailed legal status categories than 
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is possible in any other nationally representative survey. I limit my sample to adults ages 

18 and older who were interviewed in Wave 2, yielding a sample size of 73,700. 

While publicly available SIPP data provide fairly precise legal status information, 

restricted SIPP provide even greater detail. Specifically, one can identify a respondent’s 

particular immigration status upon arrival to the United States—whether as an LPR, a 

legal non-immigrant (e.g., on an employment or student visa), refugee or asylee, or 

“other” status (i.e., undocumented). Combined with information on a respondent’s 

nativity and whether a foreign-born respondent adjusted their status to naturalized citizen 

or LPR after arrival, I create the following nativity/legal status categories: US born, 

naturalized citizen, legal non-citizen, and undocumented. Details on the creation of these 

categories can be found below in the survey method section. 

Administrative Data 

Survey data for this paper have been linked to an administrative source: the Social 

Security Administration’s (SSA) Numerical Identification File (Numident). The 

Numident is a master file of records of Social Security number holders and applicants, 

with records dating back to 1936. While initially only workers were issued Social 

Security numbers (SSN), the SSA began enumeration at birth in 1987, giving the option 

for parents of all newborns to request an SSN as part of their state’s birth registration 

program (Puckett 2009). As of 2009, the SSA reports that over 90% of parents use 

enumeration at birth, and remaining parents can apply for SSNs for their children at a 

later date (Puckett 2009).  The database is updated several times a year as new social 

security applicants are added to the file. Given extremely high rates of SSN enumeration 

for US born individuals and SSN requirements for employment, the Numident should 
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provide coverage of the vast majority of US born citizens as well as foreign born 

individuals authorized for work. Data in the file include name, date and place of birth, 

sex, race, parents’ names, dates of death, citizenship, and other basic information. When 

used for research purposes, all personal identifying information is removed from dataset 

and individuals are assigned a protected identification key (PIK) that can be used to link 

the Numident to other databases, as has been done here with the SIPP.  

The linking of these two data sources is particularly useful in the context of 

immigration and legal status research. While the SIPP provides detailed immigration 

information and a large variety of socioeconomic characteristics of its respondents, the 

Numident record also includes nativity and citizenship information, allowing for the 

cross-checking of reported legal status with “official” records. Numident variables permit 

the identification of US born citizens, naturalized citizens, and legal non-citizens. For 

survey respondents who do not match, however, the verification of their reported legal 

status is more complicated. 

Since all US born and lawfully present immigrants should have a Numident 

record and undocumented immigrants should not, any survey respondent who does not 

match to the Numident should theoretically be an undocumented immigrant. However, 

due to the imperfect nature of the matching process, these assumptions about the legal 

status of non-matchers do not hold. Individuals who should match sometimes do not (i.e., 

false negatives), largely due to misreporting of personal identifying information that is 

used to link one’s survey record to their social security number10. Given the relatively 

 
10 In the past, non-matching for those who have a Numident record was more common, 
and for different reasons. For example, in previous panels of the SIPP, Census requested 
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small size of the undocumented population that is likely included in the survey sample, 

even a seemingly low rate of non-matching among US born and lawful immigrants could 

add a large enough number of false-negatives to the non-matching group to significantly 

bias the estimated size and characteristics of the undocumented population.  

Table 3-1 shows sample sizes, population estimates, and Numident match rates by 

nativity as reported in the SIPP. We can see that respondents who report being US born 

match at a much higher rate than respondents who report being foreign born—91% 

compared to 71%. While US born respondents match at a high rate, their non-match rate 

of 8.9% still yields a sample of nearly 6,000 US born respondents who do not match. 

This is almost double the size of the non-matching foreign-born population (n=3,000), 

even though the non-match rate among immigrants is much higher (29.3%). 

 
Table 3-1 
 
Sample sizes, population estimates, and Numident match rates for 
adults 18+ in the 2008 SIPP 
Nativity N Pop. Estimate Match rate 
US Born 63,500 193,000,000 91.1% 
Foreign Born 10,200 33,249,000 70.7% 
 

 To fully take advantage of the Numident-SIPP linkage, this residual group of non-

matchers (both US and foreign-born) must be disaggregated. However, identifying with 

 
social security numbers from respondents so that they could attempt a linkage to 
administrative data sources. Respondent refusal to provide SSNs was 12% in the 1996 
panel and 35% in the 2004 panel (Bates 2005). This meant that in 2004, for example, 
matches were only attempted for 65% of respondents. Census responded to increasing 
rates of refusal by no longer requesting social security numbers and instead using other 
personal information to determine respondents’ SSNs and to match to the Numident. 
Using the new method, match rates increased to 90% (Maxfield 2008).  
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certainty the nature of a non-match is not possible with available information. A non-

match for someone who reports being US born in the SIPP could be due to the 

misreporting of personal identifying information needed for a match (resulting in a false 

negative), but the non-match could also be due to the respondent actually being 

undocumented and misreporting their nativity in the SIPP (a true negative). Therefore, 

rather than using the Numident alone as an independent source for legal status 

information, I combine information from the SIPP to develop a Numident-based status 

assignment approach detailed below. 

Methods 

  In this section, I first describe each of three legal status assignment methods I 

employ to group SIPP respondents into one of four legal status/nativity categories: US 

born citizen, naturalized citizen, legal non-citizen, and undocumented. These categories 

are the most detailed that can be harmonized across the three assignment techniques. 

Next, I describe the multivariate analyses I use to estimate the effect of legal status on 

health insurance coverage and several additional outcomes. I estimate the same 

regression models on each of the three imputed datasets to examine how the method used 

to assign legal status in survey data affects the association between legal status and health 

insurance coverage.  

Survey Assignment Method 

The first assignment technique relies solely on immigration related questions in 

the SIPP.  This survey assignment method primarily uses direct survey questions, but also 

requires some indirect inference, and for a small proportion of the sample, some logical 

assumptions. Foreign born respondents are asked their immigration status upon arrival 
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and whether their status has since changed to permanent resident or naturalized citizen. 

This allows for the identification of naturalized citizens and lawful permanent residents 

based on direct questioning. Immigrants who reported arriving with no permanent or 

temporary legal status (i.e., undocumented) and who did not adjust to permanent 

residency are assumed to still be undocumented. For non-LPR respondents who did 

arrive with some form of temporary legal status but who have not adjusted their status to 

permanent resident, some assumptions are necessary to estimate their most probable 

status at the time of the survey. These remaining respondents include immigrants who 

arrived with temporary legal statuses that are still valid or have been renewed, and 

immigrants who arrived with temporary legal statuses that have since expired or have 

been terminated. Those in the latter group who have overstayed their visas are by 

definition undocumented. 

To categorize this group of non-LPRs with ambiguous statuses, I assume that 

immigrants who arrived with a nonimmigrant visa, who did not adjust to permanent 

residency, and who had been in the country longer than 6 years at the time of the survey, 

are undocumented (i.e., visa overstayers). Nonimmigrant visas like the H-1B are valid for 

three years and can be extended for three years. Individuals who arrived with a temporary 

visa but who have stayed in the country longer than their visa permits are considered 

undocumented. Individuals who arrived as legal non-immigrants and who had been in the 

country for 6 or fewer years at the time of the survey are assumed to be legal (non-

citizens). 

 Finally, the only the remaining status combination that remains ambiguous are 

refugee-arrivals who had not adjusted to legal residency by the time of the survey. 
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According to immigration law, refugees are required to apply for LPR status after one 

year of residence in the United States (U.S. Citizenship and Immigration Services 2021), 

and status adjustment takes approximately 8-14 months (Citizen Path 2021).  Based on 

the one year of required residency and an additional one-plus year of status adjustment, I 

assume that refugee and asylee arrivals who have been in the US for three or fewer years 

are legal immigrants. Those who have not adjusted to permanent residency after 3 years 

(4+) are assumed to be undocumented.11 I tested the sensitivity of the study’s results to 

changes in the assumptions made about the categorization of non-LPR arrivals. I found 

that making different, but plausible assumptions about the status adjustments of legal 

non-immigrants and refugee arrivals had no noticeable impact on the conclusions of the 

study.12 

Numident Assignment Method 

Broadly speaking, the Numident method relies on information from Social 

Security records of nativity and citizenship status to determine legal status for 

 
11 While the revocation of refugee or asylee status is uncommon, it is not impossible. 
Refugees can have their status terminated if it is determined that they did not truly qualify 
as refugees at the time that their status was granted, or if they are determined to be 
inadmissible for status adjustment (e.g., committing certain criminal acts) (USCIS 2017).  
 
12 I employed three alternative scenarios and measured differences in model coefficients 
and predicted probabilities. These scenarios included: (a) assuming that all non-LPR 
arrivals who did not adjust to permanent residency were undocumented (including legal 
non-immigrants); (b) assuming that only “other” arrivals were undocumented, and that all 
LNI and refugee arrivals were legal regardless of their adjustment status; and (c) 
assuming that LNI arrivals with greater than 6 years in the US were undocumented but 
that ALL refugee and asylee arrivals are legal, regardless of whether they adjusted to 
LPR within 4 years. Due to restrictions on the type and quantity of output that can be 
removed from the Federal Restricted Data Center (FRDC), these supplementary analyses 
are not publicly available. 
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respondents who are matched to a Numident record, and then utilizes a model-based 

approach which combines Numident information with SIPP responses to assign statuses 

to those who don’t match. Given that the legal status of respondents who do not match to 

the Numident cannot be discerned with certainty by the fact of their non-matching, some 

information from the SIPP must be used to assign nativity and legal status to those 

respondents. While the Numident approach is thus not completely independent of the 

survey method, it does use Numident information exclusively to assign legal status to 

88% of survey respondents. The legal statuses of the remaining 12%--who are 

predominantly US born—are assigned using statistical models informed by Numident 

and SIPP information. Below I delineate the steps for assigning legal status using the 

Numident approach. 

 First, I assign legal status to SIPP respondents who are matched to a Numident 

record using information exclusively from the Numident database. Combining nativity 

information (i.e., US born versus foreign born) with a citizenship variable, I can identify 

US born, foreign born naturalized citizens, and foreign born, legal non-citizens. I use 

these Numident-derived statuses and ignore survey self-reports and allocated values. 

Around 88% of respondents are matched to the Numident and can therefore be assigned 

in this way. 

 Second, I assign legal status to the remaining SIPP respondents who do not match 

to the Numident. These are respondents who either are undocumented (and thus do not 

have a social security record) or are US-born or fall into one of the two “legal” statuses 

but do not match because of some reporting or administrative error. To assign these 

respondents into one of the four categories, I developed a multinomial logistic regression 
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model in the context of combined sample multiple imputation to impute 30 possible 

statuses for each respondent with a missing Numident status. Associations between 

demographic and socioeconomic characteristics observed in the SIPP and legal statuses 

observed in the Numident are used to inform models. However, to model all four 

outcomes, each possible status must be “observed” for some of the respondents. While all 

three legal statuses are observed in the Numident, the “undocumented” category is not. If 

there are no respondents in the undocumented category, there are no observed 

associations between membership in that category and any independent variable. This 

precludes the possibility of estimating the likelihood of being undocumented. Therefore, 

prior to modeling these outcomes, I must make some basic assumptions about who, 

among the non-matchers, are undocumented.  

 For respondents who do not match, I assign undocumented status based on the 

following assumptions prior to running the multiple imputation models. First, 

respondents who reported arriving with “other” status and who did not adjust to 

permanent resident are assumed to be undocumented. Second, respondents who reported 

arriving as temporary visa holders, who did not adjust to permanent resident, and who 

have been in the US longer than 6 years are also assumed to be undocumented. Finally, 

respondents who reported arriving as refugees, who did not adjust to permanent resident, 

and who have been in the US longer than 4 years are assumed to be undocumented. 

These are the same assumptions used to assign undocumented status using the Survey 

Method, with one exception. In the Numident method, I only make these assumptions for 

non-matching respondents with a valid self-report of their arrival and adjustment status. 

Non-matched individuals who were missing a valid response to the arrival or adjustment 
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question and who were allocated a response by the Census Bureau are kept in the 

“missing status” category prior to the imputation model. The flow chart in Figure 1 

shows the sorting process for respondents using the Numident method. 

 

 

Figure 3-1. Flow chart of Numident status assignment 

  

Next, I estimate a multinomial logit model using the MI (multiple imputation) 

command in Stata 16 to impute “missing” Numident status values for non-matching 

respondents who are not assigned as undocumented as described above. In basic terms, 

associations between legal status and characteristics of respondents with observed (i.e., 

non-missing) Numident status values are used to predict the most likely legal status 

values for those with missing information. I include a variety of demographic and 
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socioeconomic variables, as well as all variables that are included as outcomes in 

subsequent analyses into the imputation model13.  Multiple imputation is a commonly 

used statistical technique for handling missing data, where missing values are replaced 

with m number of acceptable values that represent a distribution of possibilities (Rubin 

1987). In this case, respondents are imputed with 30 possible values for their Numident 

immigration status. For all subsequent analyses using the imputed Numident variable, I 

use Stata’s MI ESTIMATE commands, which estimates specified models on each of the 

30 imputed datasets, taking the average of the coefficients across all datasets. Robust 

standard errors are generated using Rubin’s rules (Rubin 1987) that “reflect the reduced 

sample size as well as the adjustment for the observed respondent-nonrespondent 

differences”. Note that because each of 30 imputations is used in all analyses, 

respondents are not actually assigned a single Numident status. Therefore, sample sizes 

reported for the Numident status categories are averages. 

 While the inability to use the Numident as a sole source of legal status 

information is a limitation, the Numident-based approach detailed above can still be 

viewed as a more reliable assignment approach than using survey assignment alone. First, 

Social Security records, which are regarded by federal statistical agencies as extremely 

high quality, are used independently to assign status to the vast majority of SIPP 

respondents (i.e., all individuals who match). Second, only a small share of self-reports of 

legal status from the SIPP are taken as “true” for the purpose of informing the imputation 

 
4 Variables that are used as outcomes in analyses where predictors have been imputed 
should be included in MI models to retain the association between the outcome and 
predictors (He 2010). 
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model that disaggregates the remaining non-matching individuals. These self-reports are 

unlikely to be misreported at high rates or in a way that creates bias. For example, these 

are respondents without missing immigration information who report being foreign born, 

not having US citizenship, and not having lawful residency status. Bias would be most 

problematic in this case if individuals with citizenship or legal status were misreporting 

that they do not have such status. However, misreporting of legal status would most 

likely be in the opposite direction—that is, individuals without citizenship or legal status 

would be more likely to report having such status. This notion is supported by Brown et 

al. (2018), which found that non-citizens as measured in administrative records were 

much more likely to report being citizens in a federal survey, rather than the other way 

around. I do, however, acknowledge that the possibility for bias cannot be dismissed 

completely. While the creation of a truly independent method for status assignment using 

administrative records would be most appropriate for a comparison between methods, the 

data simply do not permit such a comparison. 

Logical Assignment Method 

 Finally, I include a third legal status assignment method due to its widespread use 

in both academia and applied research studies that examine legal status effects14. 

Basically, the logical approach groups respondents into legal status categories in surveys 

that do not ask specific questions about detailed legal statuses, based on their responses to 

other questions in the survey. It uses assumptions based primarily on legal status 

eligibility requirements for participation in certain government service programs, 

 
14 See Chapter 1 for a list of studies that employ a version of the logical method to assign 
legal status to respondents in survey data. 
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eligibility for employment in certain occupations, and on immigration policies. For 

example, a respondent is assumed to be legal if they report having Medicaid insurance, 

because only US citizens and certain permanent residents are eligible for Medicaid 

receipt. Specifically, I use the following criteria to assign legal status to non-citizens, 

based on the approach that appears in Borjas and Cassidy (2019): 

a. That person arrived before 1980; 

b. That person receives Social Security benefits, SSI, Medicaid, Medicare, or 

Military insurance; 

c. That person is a veteran, or is currently in the Armed Forces; 

d. That person works in the government sector; 

e. That person resides in public housing; 

f. That person was born in Cuba; 

g. That person’s occupation requires some form of licensing (such as physicians, 

registered nurses, air traffic controllers, and lawyers);    

h. That person is likely an H-1B visa holder15; 

i. That person’s spouse is a legal immigrant or citizen. 

Any non-citizen respondent who meets one or more of the criteria is assumed to be a 

legal non-citizen. Additionally, any respondent who is married and living with a spouse 

 
15 I use criteria defined by Borjas and Cassidy (2019) to identify likely H-1B visa holders. 
They assume that a foreign-born person is likely to have an H-1B visa if: (1) the 
immigrant works in an occupation that commonly employs H-1B visa holders; (2) the 
immigrant has resided in the United States for six years or fewer (i.e., the maximum 
length of time an H-1B visa is valid); and (3) the immigrant is at least a college graduate.  
Occupations include computer and information system managers; computer and 
mathematical occupations, architecture and engineering occupations; and postsecondary 
teachers. 
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that meets any of the criteria is also assumed to be a legal non-citizen. Non-citizens who 

meet none of the above criteria are assumed to be undocumented. See Chapter 1 for 

additional details on the assignment algorithm and for a discussion on the potential flaws 

and biases of the method. 

Dependent Variables 

 Next, I examine how the different methods used to assign legal status to SIPP 

respondents affect estimates of the relationship between legal status and several 

socioeconomic outcomes. Unlike traditional substantive papers that focus on a single 

dependent variable, I examine several outcomes for two reasons. First, each outcome is 

an important measure of socioeconomic wellbeing and is particularly illustrative of 

immigrant integration. Second, and more importantly for this study, I aim to test whether 

the effect of the legal status assignment method varies according to the nature of the 

outcome being examined. Previous studies have shown that results from the logical 

method, in particular, diverge from those from the survey method when the outcome 

being examined is somehow related to the criteria used by the logical method to assign 

legal status. This could suggest that observed associations between legal status and a 

given outcome generated by the logical method may be an artifact of the selection 

process used by the logical method to assign immigrants as legal or undocumented. For 

example, Spence et al. (2020) found that the logical method estimated higher rates of 

poverty among lawful permanent residents compared to undocumented immigrants, 

which was counter to results generated by the same analysis using survey reports of legal 

status. This could be due to the logical method’s use of government assistance receipt as 
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selection criteria for legal immigrants, which disproportionately selects lower-income 

immigrants out of the pool of respondents.  

I extend upon related previous studies first by adding the Numident approach as 

an additional comparison. This new method may provide as close to the “true” values of 

legal status as possible and will permit me to assess the relative accuracy of the survey 

and logical approaches. While we know that the survey and logical approaches diverge in 

their estimates of the association between legal status and poverty, the proximity of their 

estimates to those from the Numident method will suggest which is more accurate. 

Second, the use of multiple outcomes will allow me to examine if any bias in the logical 

method varies according to the degree to which an outcome is related to the logical 

criteria. I describe the outcomes below. 

Dependent Variable 1: Having Any Insurance 

 Respondents are coded 1 if they report being covered by health insurance from 

any source at the time of the survey and 0 if they report no insurance coverage. This 

includes coverage from public sources such as Medicaid, Medicare, and military 

insurance, as well as coverage from employer plans and other private sources. Having 

any insurance is not a specific criterion of the logical method, although it is correlated 

with the public assistance criterion that assigns legal status based on Medicaid, Medicare, 

and military insurance receipt. To the extent that the criterion is artificially creating an 

association between having legal status and having insurance, we may see a stronger 

association between legal status and insurance with the logical method, relative to other 

methods. 
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Dependent Variable 2: Having Medicaid 

Respondents are coded 1 if they report having Medicaid insurance at the time of 

the survey and 0 if they report no Medicaid coverage. Medicaid receipt is a criterion of 

the logical method, meaning that any respondent reporting Medicaid is coded as a legal 

immigrant. We can therefore expect to see a relatively high rate of Medicaid receipt 

among legal immigrants assigned using the logical method and no Medicaid receipt 

among undocumented immigrants. This could create bias if either: (a) the selection 

criteria are not comprehensive and disproportionately assign legal status to low-income 

immigrants and miss higher income legal immigrants; or (b) if a non-negligible share of 

undocumented immigrants report Medicaid and are mis-assigned.  

Dependent Variable 3: Having Private Insurance 

Respondents are coded 1 if they report having private insurance at the time of the 

survey and 0 if they report no private coverage. Private insurance is not a selection 

criterion of the logical method. 

Dependent Variable 4: Being in Poverty 

 Respondents are coded 1 if their total family income is less than or equal to the 

federal poverty level based on their family size and 0 if their income is greater than the 

federal poverty level. While this is not an explicit criterion of the logical method, two 

criteria in the algorithm are strongly correlated with poverty: receiving various forms of 

government assistance and residing in public housing. The public assistance criterion in 

particular is extremely influential in assigning legal status, meaning that a large 

percentage of non-citizen immigrants are assigned as legal based solely on their receipt of 

public assistance (see Chapter 1). This could create bias in two ways. First, the logical 
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method may disproportionately select legal immigrants who are in poverty, leaving 

higher income non-citizens who may in fact have legal status but do not meet other 

criteria in the undocumented category. Second, previous studies have suggested that 

undocumented immigrants report public assistance at non-negligible rates (Altman et al. 

2020, Spence et al. 2020). The logical method may therefore be grouping lower income 

undocumented immigrants into the legal category, which could bias the income of the 

residual group of non-citizens who are subsequently assumed to be undocumented. 

Dependent Variable 5: Having Greater Than a High School Education 

 Respondents are coded 1 if they have greater than 12 years of education and 0 if 

they have 12 or fewer years. Educational attainment is not a specific criterion of the 

logical method, although it is correlated with several criteria: having a licensed 

occupation and being an H-1B visa holder. While this could build in an association 

between this outcome and being a legal immigrant—given that these occupations require 

greater that 12 years of education—the share of immigrants assigned legal status based 

solely on these criteria is extremely low.16  

Multivariate Analysis 

I first generate demographic profiles of each of the four legal status groups, by 

legal status assignment method. This allows me to compare estimated population 

characteristics of different status groups across assignment methods. Next, I perform a 

series of multivariate logistic regression models to estimate the effect of legal status on 

 
16 While this precise value has not been approved for release by the Disclosure Review 
Board, using publicly available SIPP, I found that only 1.3% of non-citizen respondents 
in the SIPP would be assigned as legal based on a licensed occupation alone and only 
2.2% would be assigned as legal based on H-1B status alone. 
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several outcomes, net of socio-demographic differences between groups. To achieve an 

appropriate comparison between legal status assignment approaches, I employ each 

method described above (Numident, survey, and logical) separately on the same 

analytical sample of respondents and then perform the regression analyses on each 

dataset. In other words, for each outcome, I estimate the exact same model three times, 

only changing the way in which one predictor is measured—the legal status variable.   

All models control for sex, age, age squared, race, limited English proficiency, 

employment status, marital status, Hispanic ethnicity, and state/region of residence; 

insurance models also control for income-poverty ratio and education level; the poverty 

model also controls for insurance coverage and education level; and the education model 

also controls for insurance coverage and income-poverty ratio.  Finally, I generate 

predicted probabilities based on each logit model using Stata 16’s MARGINS command, 

holding all model covariates at mean values.  

Results 

Descriptive Results 

Table 3-2 shows weighted descriptive statistics of the legal status groups 

separately by legal status assignment method. Note that survey and logical methods only 

differ in their assignment of status to non-citizens (i.e., undocumented and legal non-

citizens). Therefore, estimates of the naturalized and US born groups are identical for the 

survey and logical methods.  
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Table 3.2 
 
Descriptive statistics of the SIPP 2008 adult sample by assignment method and nativity/legal status category, 
2008 
    Survey Method Numident Method 

  

Undocu-
mented 

Legal 
non-

citizen 
Naturalized 

US 
Born 

Undocu-
mented 

Legal 
non-

citizen 
Naturalized 

US 
Born 

N   1,400 4,000 4,800 63,500 1,300 4,300 5,600 62,500 
Pop. Estimate 
(Millions) 4.959 13.06 15.23 193 4.512 13.87 17.91 190 

Mean age 35.0 39.9 50.2 46.5 32.3 41.1 48.8 46.6 

Male (%) 56.9 49.9 46.9 48.1 56.7 52.6 45.8 48.0 

Education          

 <HS (%) 45.6 32.1 15.9 9.0 52.0 27.2 17.0 9.0 

 HS (%) 30.7 25.9 23.7 27.6 32.8 25.8 24.0 27.6 

 

Some college 
(%) 12.6 20.7 28.2 36.7 8.0 22.1 28.4 36.8 

 BA (%) 6.8 13.3 20.5 17.4 5.4 15.5 19.5 17.3 

 >BA (%) 4.3 8.1 11.6 9.2 1.7 9.5 11.0 9.2 

In poverty (%) 34.8 24.3 12.9 12.6 42.5 20.6 13.8 12.6 

Medicaid (%) 9.8 11.8 11.5 8.2 8.8 11.3 11.4 8.2 

Any insurance (%) 32.1 54.8 82.4 85.6 18.1 63.0 78.9 85.7 

Employed (%) 65.0 63.7 64.2 63.7 61.8 68.5 63.9 63.4 

Married (%) 49.2 57.9 62.6 52.6 47.4 61.4 61.0 52.4 

Mean Years in US 9.6 10.9 19.2 N/A 8.2 12.7 18.5 N/A 

Limited English (%) 71.0 55.0 28.4 1.7 83.1 48.9 30.9 1.2 

Own Child (%) 25.1 23.2 21.9 14.8 23.9 27.1 20.6 14.5 
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Table 3.2  
 
(continued)     
    Logical Method 

   

Undocu-
mented 

Legal 
non-

citizen 
Naturalized US 

Born 

N   2900 2600 4800 63500 
Pop. Estimate 
(Millions) 9.740 8.278 15.23 193 
Mean age 35.8 42.1 50.6 47.5 
Male (%) 58.7 43.6 46.9 48.1 
Education     
  <HS (%) 36.6 34.8 15.9 9.0 
  HS (%) 29.4 24.6 23.7 27.6 

  
Some college 
(%) 17.3 19.9 28.2 36.7 

  BA (%) 10.4 12.8 20.5 17.4 
  >BA (%) 6.4 7.9 11.6 9.2 
In poverty (%) 26.6 27.8 12.9 12.6 
Medicaid (%) 0.0 24.7 11.5 8.2 
Any insurance (%) 33.3 66.8 82.4 85.6 
Employed (%) 70.3 56.5 64.2 63.7 
Married (%) 42.8 70.7 62.6 52.6 
Mean Years in US 8.2 13.2 19.2 N/A 
Limited English (%) 63.2 54.9 28.4 1.7 
Own Child (%) 22.5 25.3 21.9 14.8 
Note: All means and percentages are calculated using weighted 
estimates (SIPP 2008 person weights). All estimates from the 
Numident method are the average across 30 imputed datasets. 



 94 

A first, striking difference across assignment methods is the size of the 

undocumented population as estimated by the logical method. While both survey and 

Numident methods yield an estimated population size of around 5 million, the logical 

method estimates the undocumented population to be nearly double, at 10 million. Due to 

the nature of the logical method’s assignment procedure, a higher rate of assignment of 

undocumented status in turn means a lower rate of assignment of legal status for non-

citizens. This translates to a much smaller estimate of the legal non-citizen population 

according to the logical method—8.3 million compared to the survey method’s 13.1 

million and the Numident’s 13.9 million. 

The survey and logical methods’ estimates of demographic and socioeconomic 

characteristics also deviate from the Numident in several ways. Undocumented 

immigrants are slightly older in the survey and logical methods (32 years in the Numident 

compared to survey’s 35 and logical’s 36). While over half (52%) of the undocumented 

population is estimated to have less than a high school degree in the Numident method, 

the estimate drops slightly to 46% in the survey method and down to 37% in the logical 

method. The Numident method also estimates the lowest rates of having some college 

education, a bachelor’s degree, and greater than a bachelor’s degree for undocumented 

immigrants. The survey method estimates a slightly more educated undocumented 

population, followed by the logical method which estimates the highest rates of some 

college, bachelor’s, and greater than a bachelor’s degree. The survey and logical methods 

also estimate lower rates of poverty for undocumented immigrants compared to the 

Numident method (35% for the survey method, 27% for the logical method, and 43% for 

the Numident method). 
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Still focusing on the undocumented population, some starks differences can be 

observed between the methods with regards to insurance coverage. While the survey 

method estimates slightly higher rates of Medicaid relative to the Numident (10% 

compared to 9%), the logical method estimates 0% Medicaid coverage for the 

undocumented. Both survey and logical methods estimate nearly double the rate of any 

coverage compared to the Numident method, however (32% and 33% respectively, 

compared to 18% for the Numident).  

Some final comparisons to note for the undocumented population are for rates of 

employment and English language proficiency. The survey method estimates a slightly 

higher rate of employment for the undocumented population (65%) than the Numident 

method (62%), while the logical method’s estimate is even higher (70%). The Numident 

method estimates the highest rate of limited English proficiency among undocumented 

immigrants (83%), followed by the survey method (71%), and then the logical method 

63%). 

In sum, undocumented immigrants as defined by the Numident method tend to be 

more heavily concentrated at the bottom of the educational distribution, are more likely to 

be in poverty, least likely to have any insurance or to be employed, and have the highest 

rates of limited English proficiency relative to other methods. In contrast, logically 

defined undocumented immigrants appear the most advantaged in terms of these 

outcomes, while the survey-defined undocumented population lies somewhere in the 

middle. 

Nearly the opposite pattern in terms of socioeconomic status can be seen with the 

legal non-citizen group. The Numident method estimates the lowest rate (27%) of having 
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less than a high school education while the logical method estimates the highest (35%). 

The Numident method also estimates the highest rates of having a college education or 

more among legal non-citizens, followed by the survey method and then the logical 

method. Legal non-citizens are less likely to be in poverty according to the Numident 

method (21%) relative to the survey method (24%) and the logical method (28%). 

 While most of the differences between methods are limited to the undocumented 

and legal non-citizen groups, some minor discrepancies can be observed for naturalized 

citizens. The Numident approach estimates a naturalized population that is slightly less 

educated, with higher rates of poverty, lower rates of insurance, and lower mean years of 

duration in the United States, relative to the survey and Numident methods. The US born 

group, however, is nearly identical for all legal status assignment methods. 

Multivariate Results 

Next, I present results from multivariate analyses to demonstrate how differences 

in status assignment across methods translate to differences in estimates of key 

population parameters.  I first estimate having any insurance coverage—an outcome that 

showed one of the highest percentage point differences between Numident and either 

alternative method in the bivariate analysis. For this and subsequent outcomes, I estimate 

the same model three times, only altering the measurement of the legal status variable. 

Comparisons are then made across legal status assignment methods. While arithmetic 

differences between parameter estimates such as logit coefficients and predicted 

probabilities across models are not meaningful in some contexts, these differences are 

important here, so I interpret them with caution. Variation in results across assignment 

approaches are attributable to the measurement of legal status alone and are not due to 
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differences in model specifications. In a sense, I am performing a series of simulations 

demonstrating what would happen if different researchers took the exact same sample 

and ran identical analyses, but measured legal status in different ways. In this manner, the 

differences in coefficients—namely differences in conclusions about the relationship 

between legal status and an outcome—across simulations are meaningful. 

Table 3-3 shows logistic regression results estimating any insurance coverage 

separately by legal status assignment method. In each of the models we can see a clear 

health insurance gradient by legal status, where the odds of having insurance are lowest 

for undocumented immigrants, higher for legal non-citizens, higher yet for naturalized 

citizens, and highest for the US born. However, the most notable difference across the 

models is the size of that gradient. Relative to the Numident and logical methods, legal 

non-citizens defined by the survey method show the smallest advantage in coverage over 

their undocumented peers. The “effect” of legal non-citizen status, relative to being 

undocumented, is greatest for the logical method. However, having naturalized 

citizenship status, according to the logical method, offers no advantage in health 

insurance coverage relative to legal non-citizenship status. The same cannot be said of the 

Numident and survey methods, which show higher coefficients for Naturalized citizens 

compared to legal non-citizens. Finally, the Numident method shows the greatest “effect” 

of US born status on insurance coverage—relative to undocumented immigrants, US born 

adults have 1.7 times the odds of having health insurance. This compares to a coefficient 

of 1.2 for the survey method and 1.5 for the logical method. However, it is important to 

note that these interpretations provide us with no indication of the magnitude of the legal 

status effects. 
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Table 3-3 
 
Logistic regression models estimating insurance coverage by legal status assignment method  
      Survey method Numident method Logical method 
Variable     b se b se b se 
Legal status (ref=Undocumented)             
 Legal non-citizen 0.3756*** 0.001306 1.147*** .06651 1.238*** .001199 

 Naturalized 0.9917*** 0.001392 1.387*** .07232 1.285*** .001144 
 US Born  1.199*** 0.001265 1.713*** .06285 1.485*** .0009833 

Male (ref=Female)  -0.3767*** .0004207 -0.3763*** .001914 -0.3617*** .0004226 
Age   -0.1014*** .000086 -0.1023*** .0003408 -0.1016*** .0000863 
Race (ref=White)          

 Black  -0.08904*** .0005966 -0.09883*** .002249 -0.08955*** .000599 
 Asian  0.07325*** .001168 0.01664 .01142 0.1225*** .001184 
 Other  -0.2034*** .001071 -0.2022*** .003825 -0.1941*** .001077 

Limited English Proficient (ref=non-
LEP) -0.5442*** .0008194 -0.5164*** .01360 -0.5291*** .0008318 
Education (ref=Less than high school)         

 High School 0.04831*** .0006492 0.06258*** .004633 0.06199*** .0006539 
 Some college 0.3660*** .0006634 0.3764*** .003644 0.3777*** .0006671 
 Bachelors  0.8307*** .0008712 0.8509*** .004272 0.8456*** .0008768 
 > Bachelors 1.492*** .001438 1.495*** .005170 1.518*** .001447 
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Table 3-3 
   
(continued)         
   Survey method Numident method Logical method 
Variable   b se b se b se 
Employment status (ref=Employed)             

 Unemployed -0.7342*** .000785 -0.7380*** .002504 -0.7562*** .0007862 
 NILF  0.3134*** .000534 0.3121*** .002605 0.2984*** .0005359 

Married, living with spouse (ref=Not married) 0.6177*** .000463 0.6216*** .002296 0.5754*** .0004662 
Hispanic (ref=Non-Hispanic) -0.3714*** .000631 -0.3624*** .004765 -0.3931*** .0006334 
Income-poverty ratio (x100%) 0.004586*** 1.50e-6 0.004574*** 5.41e-6 0.004624*** 1.51e-6 

           
Pseudo R-squared  0.2834  .2841   0.2883  
N     73,500   73,500   73,500   
Data: SIPP 2008 Wave 2       
Notes: Models also control for state/region of residence and age squared. Coefficients for the Numident method are the 
average across 30 imputed datasets 



 100 

 
Next, to test whether differences in estimates of the effect of legal status across 

assignment methods vary according to the outcome of study and to get a sense of the 

magnitude of the legal status effect estimated by each method, I examine predicted 

probabilities of several additional outcomes. Figures 3-2 through 3-6 present predicted 

probabilities of having any insurance coverage, having private coverage, having 

Medicaid, being in poverty, and having greater than a high school education. I generate 

predicted probabilities for each of four legal status groups based on logit models with a 

full set of controls. However, I only present probabilities for undocumented and legal 

non-citizens in these bar graphs. Differences in predicted probabilities for naturalized 

immigrants and for US born individuals between methods were extremely small. For a 

full table of coefficients and confidence intervals for all groups, see Appendix A. I use 

predicted probabilities here because they allow for an intuitive interpretation of the effect 

of legal status on a given outcome. Because all other covariates are held at mean values, 

we can interpret a difference in predicted probabilities between two legal status 

categories as the marginal effect of legal status. Note that these probabilities, however, 

should not be interpreted as estimates of the likelihood of a given outcome for an average 

individual with a given legal status in the population17.  

 
17 While holding covariates at mean values helps to account for differences between 
groups and isolates the effect of legal status, it also results in estimates of likelihood that 
may differ greatly from true population values for a given group. For example, assuming 
that undocumented immigrants have the same levels of education, Hispanic ethnicity, 
English proficiency, etc.… as US born individuals will help control for differences 
between those groups but will not generate realistic estimates of an outcome for 
undocumented immigrants. 
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 Figure 3-2 shows predicted probabilities of having any insurance coverage 

generated from the models presented in Table 3-3. Similar to the results from Table 3-3, 

we can see that while the relationship between legal status and insurance coverage is in 

the same direction for all methods (i.e., legal non-citizens have higher probabilities than 

undocumented immigrants), the predicted probabilities of having any coverage are most 

comparable between the Numident and logical methods.  

 

 
Figure 3-2. Predicted probabilities of having any insurance coverage 

 

 Figure 3-3 shows predicted probabilities of having Medicaid insurance. While the 

direction of the relationship between legal status and Medicaid coverage is maintained 

across methods, here we can see the logical method diverging from the Numident method 

drastically. Due to its assignment of legal (non-citizen) status to anyone reporting 
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Medicaid, undocumented immigrants have a zero percent likelihood of having Medicaid, 

compared to about p=.01 according to the Numident and survey methods. The predicted 

probability of Medicaid for legal non-citizens is much higher as estimated by the logical 

method (p=.06 compared to p=.03 for the Numident method and p=.02 for the survey 

method). 

 

Figure 3-3. Predicted probabilities of having Medicaid insurance coverage 

 

 Predicted probabilities of private insurance coverage in Figure 3-4 show a change 

in direction in the relationship between legal status and coverage between the Numident 

and logical methods. While legal non-citizens show a higher likelihood of having private 
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predicted probability of private coverage as estimated by the Numident (p=.72), 

compared to the survey method’s estimate of =.69 and the logical’s estimate of p=.66. 

Undocumented immigrants, in contrast, have the lowest predicted probability of private 

coverage according to the Numident (p=.43), followed by the survey method (p=.59) and 

the logical method (p=.67). 

 

 
Figure 3-4. Predicted probabilities of having private insurance coverage 

  
 

Estimates of poverty in Figure 3-5 show a similar story to that of private health 

insurance. While legal non-citizens appear advantaged relative to undocumented 

immigrants according to the Numident and survey methods (i.e., lower rates of poverty), 

the opposite relationship is estimated by the logical approach, which suggests that legal 
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to descriptive results, the Numident estimates the highest likelihood of poverty for 
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undocumented immigrants (p=.17) compared to p=.14 for the survey method and p=.11 

for the logical method. 

 
Figure 3-5. Predicted probabilities of having an income below the federal poverty level 

 
 
 Finally, Figure 3-6 shows predicted probabilities of completing greater than a 

high school education. While both survey and logical methods estimate about the same 

predicted probability of post-high school education for legal non-citizens as the 

Numident method, estimates for undocumented immigrants differ slightly. While the 

Numident method estimates a predicted probability of p=.42 for undocumented 

immigrants, the survey method estimates a higher probability (p=.52) and the logical 

method estimates the highest (p=.54). 
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Figure 3-6. Predicted probabilities of having greater than a high school education 

 
 

While the comparisons of predicted probabilities for Figures 3-2 through 3-6 

provide insight into differences between legal status assignment methods, it may be more 

illustrative to compare the relative size of the marginal effect of legal status estimated 
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insurance by 29% (percent change=(.87-.67)/.67)), net of other factors. These 

interpretations are similar, but not mathematically identical, to those of average marginal 

effects (AME). The AME represents the average change in probability of an outcome 

associated with a change in an independent variable (e.g., legal status) across all 

individuals in a sample. In contrast, here I report the percent change in predicted 

probability associated with a change in legal status for an individual with characteristics 

(i.e., covariates) set at mean levels. Figure 3-7 shows the marginal effects (at the mean) 

of having legal (non-citizen) status, relative to being undocumented, on each of the five 

outcomes. Note that the marginal effect of legal status on Medicaid for the logical 

method is undefined. 

In Figure 3-7 we can see that the effects of having legal status on several 

socioeconomic outcomes tend to be the greatest when estimated using the Numident 

method. For example, the Numident method estimates that having legal status increases 

the likelihood of having any insurance coverage by 29%, compared to 25% using the 

logical method and by only 8% using the survey method. In terms of private insurance, 

the Numident estimates a 70% increase in the probability of coverage for legal non-

citizens compared to undocumented immigrants, compared to a 16% difference estimated 

by the survey method and a 2% decrease estimated by the logical method. The Numident 

method also estimates the strongest effect of legal status on education: having legal status 

increases the predicted probability of having greater than a high school education by 

45%, compared to 17% using the survey method and 7% using the logical method. 

Surprisingly, the logical method shows the strongest effect of legal status on poverty, but 

in the opposite direction of the effect estimated by the Numident and survey methods. 
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Figure 3-7. Percent differences in predicted probabilities (marginal effects) of outcomes between legal non-citizens and 

undocumented immigrants.
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Discussion and Conclusion 

 Using an innovative data linkage, this study tests two popular methods used to 

infer the legal status of immigrants in survey microdata against a new, administrative-

based approach. Several key takeaways should be noted from the results above. First, 

results from the Numident suggest that having some form of legal status, especially 

among non-citizen immigrants, is more consequential to one’s socioeconomic wellbeing 

than estimated by other methods. In other words, the penalties that undocumented status 

imposes on several indicators of socioeconomic wellbeing may be much greater than 

previously suspected. Looking first at descriptive statistics, the Numident method 

estimated a demographic profile of the undocumented population that was poorer, less 

educated, underinsured, and with lower rates of English proficiency relative to estimates 

from the other methods. These associations persisted and were magnified in multivariate 

analyses which controlled for differences in characteristics between legal status groups, 

meaning that the Numident method was picking up stronger effects of legal status and not 

just greater compositional differences between legal status groups. Compared to both 

survey and logical methods, the Numident method estimates a higher increase in the 

likelihood of any insurance coverage, private insurance coverage, post-secondary 

education, and a lower likelihood of poverty for legal non-citizens, relative to 

undocumented immigrants, net of other factors. In sum, the Numident method estimates 

the greatest legal status advantage, or in opposite terms, the greatest disadvantage for 

undocumented immigrants.  

 This finding has serious implications to sociological research on immigrant 

integration, as well as to public policy decisions related to immigration policy reform. To 
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the extent that the Numident method generates the most accurate estimates of legal status 

effects, these results suggest that lacking some form lawful residency status (i.e., being 

undocumented) imposes greater barriers to immigrant wellbeing than are estimated using 

other common methods. Not only does this create a starker outlook for the estimated 10.5 

million undocumented immigrants who reside in the US, but it suggests greater 

disadvantage for their mostly US-born children. Growing research suggests that the 

negative effects of undocumented status can persist across generations, even though the 

majority of children of undocumented parents are US citizens (Yoshikawa 2011; 

Enriquez 2015; Lopez et al. 2018). Findings that highlight the inequalities that exist 

between legal status groups should garner humanitarian support to ameliorate such 

disparities, including efforts to regularize the status of this population. Similarly, 

evidence that documents increased economic hardship for a sizeable population that 

includes a growing number of US-citizen children may also inform political efforts for 

comprehensive immigration reform, particularly efforts to provide a pathway to 

citizenship. The potential gains of a status legalization program for undocumented 

immigrants, their families, and for US society as a whole, appear greater than previously 

expected. 

 A second major takeaway from these results comes from the examination of 

several different outcomes. Specifically, this paper suggests that the applicability of a 

given legal status assignment method—and the validity of the results that it generates—

depends on the specific outcome being examined. While neither the survey method nor 

logical method generated identical results to the Numident method, the degree to which 

each method deviated from the Numident varied depending on the outcome of analysis. 
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For example, the logical method closely approximated the Numident’s estimates of any 

insurance coverage for legal non-citizens and undocumented immigrants. However, when 

estimating private insurance coverage and being in poverty, the logical method generated 

severely biased results. Rather than a positive relationship between having legal (non-

citizen) status and private insurance coverage, and between legal status and being out of 

poverty, the logical method counterintuitively suggests that legal non-citizens are 

disadvantaged relative to undocumented immigrants. In contrast, while the survey 

method deviated from the Numident in varying degrees of magnitude depending on the 

outcome, it still generated results that were consistent with the direction of the 

relationship in each instance. 

 These findings have implications to both past and future studies that employ 

techniques to assign legal status to survey respondents. Conclusions about the effect of 

legal status on outcomes such as private insurance and poverty arrived at by the logical 

method conflict with those from the Numident method. This finding adds to growing 

evidence which suggests that the criteria used by the logical method to assign legal status 

may introduce bias into subsequent analyses that rely on those status assignments. While 

the logical method may be appropriate to use in certain contexts (e.g., when estimating 

any insurance coverage), the degree of bias evident in its estimation of two out of the five 

outcomes here raises serious concerns to its reliability as a method. Until the specific 

nature of the bias inherent in the logical method is better understood, findings from this 

analysis and from several previous studies suggest that results from studies employing the 

logical method should be interpreted with caution, and that future studies should seek 

alternative approaches. Results derived from the survey method, while not yielding the 
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same level of bias as the logical method, still deviated from the Numident’s estimates. 

Error in the survey method’s assignment could be due to the misreporting of legal status 

by respondents or errors in the allocation of missing values. When respondents fail to 

answer questions, survey statisticians at the Census Bureau use statistical methods to “fill 

in” missing values to create complete datasets. Future research with the data used here 

could examine the accuracy of Census allocations among respondents with matching 

Numident records. In general, researchers should supplement survey data with 

administrative sources whenever possible to assess potential biases introduced by 

reporting error and by nonresponse.  

 Several limitations of this study should be noted. First, while administrative data 

sources like the Numident are considered extremely high quality, the Numident data 

alone did not cover the entire survey sample and could not be used exclusively to assign 

legal status to all respondents. The Numident method, therefore, was not a completely 

independent method for which to compare alternative methods. Using SIPP information 

to inform the assignment for a small proportion of respondents as part of the Numident 

approach created multiple possible sources of error. First, the Numident relied on a small 

proportion of SIPP self-reports among those who did not match to directly assign 

undocumented status prior to the multinomial imputation model. If self-reports for this 

group were incorrect in the SIPP at high rates and in nonrandom ways, the bias would be 

present and could even be amplified in the Numident’s subsequent assignments. While a 

previous study suggests that bias from US citizens reporting their status as non-citizen is 

unlikely, the possibility still exists (Brown et al. 2018). Alternatively, error from 

undocumented immigrants misreporting their status as LPR or citizen should not bias the 
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Numident method’s assignment. Those individuals would not match to the Numident in 

the first place, so their (incorrect) self-reported status would be ignored by the Numident 

method. In fact, the presence of this bias—if it exists in the SIPP—would be corrected by 

the Numident method. 

 The Numident’s under-coverage of the survey sample creates an additional 

potential source of error. While only respondents without Social Security numbers should 

theoretically fail to match to a Numident record, we know from various Census studies 

that the matching process is imperfect. This results in a portion of the survey sample that 

does not match to a Numident record, comprised of both undocumented immigrants and 

an even larger number of US born individuals and lawful resident immigrants who failed 

to match for some other reason. While the multinomial logistic imputation model sought 

to “sort” this non-matching sample into their appropriate status groups, the use of a 

statistical model rather than a direct Numident based assignment creates a source of 

potential error. Future work with these data should test the multinomial approach used 

here against alternative methods for disaggregating the non-matching sample. For a truly 

independent comparison of the survey and logical methods against administrative data, 

additional sources of administrative records may be required. Individuals who failed to 

match to the Numident may match other data sources that could provide insight into their 

nativity and immigration status. For example, matching to the IRS database of Individual 

Taxpayer Identification Numbers (ITIN) and not matching to the Numident or another 

federal data source may be indicative of undocumented status. The greater the number of 

administrative sources that can be linked to the survey dataset, the greater the confidence 

that can be had over the accuracy of the assignment method. 
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 This paper adds to a growing body of methodological research that documents the 

advantages of supplementing survey data sources with linkages to administrative records. 

In this case, I exploit the systematic nature of entry into the Social Security 

Administration’s Numident database to develop an approach to assign legal status to 

respondents in the SIPP. By comparing estimates of several outcomes using the 

Numident method to estimates from two alternative approaches to assigning legal status, 

this study demonstrated that these common approaches may produce biased, or at least, 

imprecise results. Additionally, differences across methods did not appear random. The 

Numident method consistently generated results that suggest that immigrant legal status 

is more consequential to several socioeconomic outcomes than other methods predict. In 

other words, the penalty to being undocumented may be greater than previously thought.  

Disclaimer 
 

"Any views expressed are those of the authors and not those of the U.S. Census 

Bureau. The Census Bureau's Disclosure Review Board and Disclosure Avoidance 

Officers have reviewed this information product for unauthorized disclosure of 

confidential information and have approved the disclosure avoidance practices applied to 

this release. This research was performed at a Federal Statistical Research Data Center 

under FSRDC Project Number 2307. (CBDRB-FY21-P2307-R9056)" 
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APPENDIX A 
 
ODDS OF MISIDENTIFICATION BY THE LOGICAL METHOD 

 
Table A-1 
 
Logistic Regression Model Predicting Log Odds of Being a Survey 
LPR that is Not Identified as a Logical LPR 
    Coef. se 
Male   .123 .071 
Age  -.005 .003 
Black   .602*** .144 
Hispanic  -.528*** .118 
Region of Birth (ref=Europe)   
 Asia  .387** .123 
 Africa -.245 .250 
 Caribbean -1.108*** .193 
 Central America  .044 .160 
 South America -.087 .173 
Years in US  -.020*** .004 
Limited English proficient -.162* .078 
Education (ref=less than high school)   
 High school/GED -.118 .090 
 Some college -.188 .106 
 Bachelor's or more -.056 .117 
Employed   .177 .174 
Income-Poverty ratio (ref=<150%)   
 150-299%  .234** .081 
 300-399%  .143 .126 
 400-499%  .151 .167 
 500+%  .345* .125 
Own home   .411*** .074 
Has insurance  -.653*** .080 
Married  -.589*** .073 
    
Sample size   5640   
Pseudo R2   .095   
Note: Model also includes the following covariates: US region of 
residence, residing with own child, and metropolitan status  *** 
p<.001, ** p<.01, *p<.05 
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APPENDIX B 

 

PREDICTED PROBABILITIES OF SEVERAL OUTCOMES 

 

Table B-1           
           
Predicted Probabilities of Any Insurance Coverage, Medicaid Coverage, Private Insurance coverage, Being in Poverty, and 
Having Greater than a High School Education by Legal Status and Assignment Method 
  Survey Method  Numident Method  Logical Method  

Legal status Outcome 

Predicted 

probability 95% CI 

Predicted 

probability 95% CI 

Predicted 

probability 95% CI 

Undocumented Any coverage 0.7707 0.77 0.771 0.6673 0.639 0.6955 0.7153 0.715 0.7157 

 Medicaid 0.01285 0.013 0.013 0.008731 0.00734 0.01013 0.00 0.00 0.00 

 

Private 

insurance 0.5893 0.589 0.59 0.426 0.3918 0.4601 0.6696 0.6692 0.67 

 Poverty 0.1417 0.141 0.142 0.1703 0.1568 0.1839 0.1098 0.1096 0.11 

 

Post-high 

school 0.5193 0.519 0.52 0.4181 0.3876 0.4485 0.5395 0.5391 0.5399 

Legal non-

citizen Any coverage 0.8303 0.83 0.831 0.8633 0.8567 0.87 0.8966 0.8964 0.8967 

 Medicaid 0.02262 0.023 0.023 0.0266 0.02468 0.02851 0.05744 0.0573 0.0576 

 

Private 

insurance 0.6853 0.685 0.686 0.7238 0.715 0.7326 0.659 0.6586 0.6595 

 Poverty 0.12 0.12 0.12 0.1145 0.1094 0.1196 0.1469 0.1466 0.1471 

 

Post-high 

school 0.6048 0.605 0.605 0.5975 0.5888 0.6063 0.5751 0.5747 0.5756 
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Table B-1           
           

(continued) 
    Survey Method  Numident Method  Logical Method   

Legal 

status Outcome 

Predicted 

probability 95% CI 

Predicted 

probability 95% CI 

Predicted 

probability 95% CI 

Naturalized Any coverage 0.9006 0.901 0.901 0.8893 0.8849 0.8937 0.9008 0.9006 0.901 

 Medicaid 0.04412 0.044 0.044 0.04122 0.03917 0.04326 0.04158 0.0415 0.0417 

 

Private 

insurance 0.7544 0.754 0.755 0.7443 0.7382 0.7503 0.7545 0.7542 0.7547 

 Poverty 0.0991 0.099 0.099 0.09809 0.09442 0.1018 0.099 0.0988 0.0992 

 

Post-high 

school 0.6623 0.662 0.663 0.6547 0.6479 0.6616 0.652 0.6518 0.6523 

US born Any coverage 0.9177 0.918 0.918 0.9175 0.917 0.9181 0.9173 0.9173 0.9174 

 

Private 

insurance 0.7927 0.793 0.793 0.7928 0.7918 0.7939 0.7927 0.7927 0.7928 

 Medicaid 0.03748 0.037 0.038 0.03735 0.03704 0.03766 0.03472 0.0347 0.0348 

 Poverty 0.09223 0.092 0.092 0.09215 0.09162 0.09268 0.09208 0.092 0.0921 

  

Post-high 

school 0.623 0.623 0.623 0.6184 0.6173 0.6195 0.6198 0.6197 0.6199 

Notes: Predicted probabilities generated using Stata's “Margins” command, based on separate logistic regression models 

estimating any insurance coverage, Medicaid coverage, private coverage, being in poverty, and having more than a high 

school education. All models controlled for male, age, limited English proficiency, employment status, marital status, 

Hispanic ethnicity, state of residence, and age squared. Poverty models also controlled for education level, and insurance 

models also controlled for education level and income-poverty ratio. Models are weighted using SIPP person weights. 

Covariates are held at mean values. 

 


