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• Immigration from El Salvador, Guatemala, and Honduras to the 
United States has grown at an annualized growth rate of 8.1% 
since 1980

• By 2015 Northern Triangle (NT) there were over 2.8 million 
immigrants living in the US

• This large diaspora represents ten percent of the NT 
population

• As the flow of migration has grown, its composition has also 
changed, reflecting changes both in push factors and pull 
factors

• Migration rates at this level can have implications for 
development and labor markets, especially if those with higher 
skill or productivity levels are the ones exiting. 

Motivation  
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• Assess the extent of non-random selection 
into migration. 

• How has the outflow of skills and human capital 
of immigrants and non-migrants changed over 
time? 

Research Question 

3



• Residents: 2000 and 2014 household surveys for El 
Salvador (SLV), Guatemala (GTM) and Honduras (HND)

• Migrants: 5 percent Public-Use Microdata Sample 
(PUMS) from the 2000 US Census of Population and 
Housing and the 2014 US ACS
• US sample: use only recent migrants (those that arrived in the 

last 10 years) and limit the sample to individuals who arrived 
in the US at the age of 18+

• Since the analysis is of labor market returns, we limit it 
to individuals between the ages of 21-65

• For each country and year we created a stacked data set 
combining a limited set of variables from the US and 
country of birth datasets

Data
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• Differences in the way education questions are asked in the 
US data and the source countries could introduce bias if we 
are comparing skill levels of migrants vs non-migrants based 
on different data sources.
• However, these questions are largely consistent 

between the US data and the source country surveys

Measurement Issue I: Education
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Country Survey Question

SLV 
(i) What is the highest level of education completed? (ii) What is the highest level of 
school passed?

GTM 
If currently enrolled…(i) What is the highest level of education completed? (ii) What is the 
highest level of school passed?

HND (2001)
What is the highest level of education completed or currently studying? and what is the 
last grade or year passed at that level?

HND (2014) 
(i) What is the highest level of education completed? (ii) What is your last grade or year 
of education passed? If currently enrolled…(iii) What is the education level you are 
currently studying? (iv) What is the current year or grade you are studying?  

U.S. What is the highest degree or level of school this person has COMPLETED?



• Instead, we find that the imputation strategy for education introduces a 
bias for immigrant groups. This is because imputation includes the US-
born as a source of data, but the US-born have much higher educational 
attainment than these immigrants groups. 
• For NT countries, this accounts for 12-15 percent of the US sample. 
• Ibarraran and Lubotsky (2007) suggest that evidence of positive selection 

using the US data may be driven by a high prevalence of imputed values 
among migrants in the US Census

Measurement Issue I: Education
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• Undocumented migrants are more likely to be lower-income and of lower 
human capital levels, this may generate a bias in the results by yielding a higher 
distribution of educational attainment

• As of 2014, an estimated 700,000 Salvadorians, 525,000 Guatemalans, and 350,000 
Hondurans were undocumented migrants (Passel and Cohn, 2016). 

• However, push factors are not strictly economic (like violence and family 
reunification) and may incentivize a broader range of the skill distribution to migrate 
informally. 

• For 2000 to 2009, coverage adjustments increase the estimate for the 
unauthorized migrant population by 8 to 13 percent; this adjustment falls to 5 to 
7 percent for data between 2010 and 2014 (Passel and Cohn 2016, Van Hook et 
al. 2014). 

• Rates of undocumented migration from the NT were lower for the 2000 cohort 
than for 2014, hence reducing the magnitude of the potential bias for the 
earlier cohort. 

• Takeaway: the majority of undocumented migrants are covered by the survey 
data – but they are underrepresented in the migrant estimates. Thus, results 
based on these data can be biased against finding negative selection (Pew 
Research Center 2017) 

Measurement Issue II: Undocumented Migrants 
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Wage Densities for Migrants and Residents
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• Building on Chiquiar and Hanson (2005), we denote 
𝑓𝑗(𝑤|𝑥) as the wage density in country j conditional on 
characteristics x. Let 𝐷𝑖 be an indicator equal to 1 if 
individual i is employed and let ℎ(𝑥|𝑗, 𝑘, 𝐷𝑖𝑗) be the 
distribution of observed characteristics among individuals in 
country j born in country k. 

• Using this notation, we can write the observed wage density 
of Guatemalan residents and migrants, respectively, as 

Residents: 𝑔(𝐺𝑇𝑀|𝐺𝑇𝑀) = 𝑓𝐺𝑇𝑀׬ 𝑤 𝑥 ℎ(𝑥|𝑗 = 𝐺𝑇𝑀, 𝑘 = 𝐺𝑇𝑀,𝐷𝑖 = 1)𝑑𝑥

Migrants: 𝑔(𝑈𝑆|𝐺𝑇𝑀) = 𝑓𝑈𝑆׬ 𝑤 𝑥 ℎ(𝑥|𝑗 = 𝑈𝑆, 𝑘 = 𝐺𝑇𝑀, 𝐷𝑖 = 1)𝑑𝑥

Methodology: Wage Densities
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• We construct counterfactual weights that adjust 
the wage distribution of residents to account for 
differences in observable characteristics between 
migrant workers and resident workers: 

Methodology: Foregone Wages
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• Estimate the probability that a local adult is in the United 
States, using the full sample of migrants and residents:

• The product of the conditional probabilities and the fitted 
coefficients from regression (1) are applied to the sample of 
wage-earning residents to estimate counterfactual wage 
kernel densities for migrants in the US.

• The difference between the observed and counterfactual 
wage densities non-parametrically summarizes migrant 
selection in terms of local earnings. 

Methodology: Conditional Probabilities
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Results: Actual and Counterfactual Wage Densities
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Results: Actual and Counterfactual Wage Densities
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Results: Wage Differences (SLV & GTM)

14



Results: Wage Differences (HND)
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Results: Economic Importance of Foregone Wages
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• There is clear evidence of positive selection into migration from the 
countries of the NT. The differences between the densities of 
immigrants and residents remain negative for low wage and positive 
for upper-middle wage values 
• We also find evidence that the degree of positive selection has fallen 

between 2000 and 2014. This coincides with increased migration (has 
it become more “inclusive”?)

• The cost of migration in terms of lost human capital is high in these 
countries: 1.9% of GDP in SLV, 1.5% in HND, and 1% in GTM.
• These forgone earnings are recovered through remittances, which 

represent larger shares of the GDP of each country. 

• ACS imputation strategy for education introduces a bias for 
immigrant groups. 
• Imputations should take into account country of birth, or at least 

immigrant status

• Two measurement caveats to consider: (i) undercount of 
undocumented migrants (ii) lack of information on unobservable 
characteristics, such as motivation. 

Conclusion
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Thank you!
giselled@iadb.org
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Annex
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Summary Statistics: 2000
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Summary Statistics: 2014
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Results: Statistical Significance (SLV)
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Results: Statistical Significance (GTM)
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Results: Statistical Significance (HND)
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