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Introduction 

In his working paper “The Labor Demand Curve is Downward Sloping,” George Borjas 

investigates how immigration affects the wages of native U.S. workers. Borjas theorizes that 

immigration causes a downward pressure on labor demand. Through the use of Census and CPS 

data from the years 1960 to 2001, he supported his theory as he found that an increase in 

immigration was associated with lower native wages (-0.4).(Borjas 2003) “Immigration has been 

a major driving force behind U.S. labor force growth…according to data from the U.S. Census 

Bureau” (Gelatt 2024). Discussion surrounding the topic of immigration has remained relevant 

throughout the years, often a major policy dispute for political campaigns. More recently with a 

newly elected president there has been increased discussion surrounding policy regarding 

immigration. Immigration plays a key role in the U.S. labor market, and this study serves to 

provide insight as to whether that affect is positive or negative. 

 

Other studies such as Ken-Hou Lin & Inbar Weiss, found “a large presence of immigrants 

concurs with lower native wages at the bottom of the labor market but higher native wages at the 

upper end.” (Lin & Weiss, 2019) Therefor they maintained that immigration led to increased 

inequality amongst native wages. 

 

Our replication investigates Borjas’s main research question with more recent data which was 

collected from the Current Population Survey for the years 2002, 2012, and 2022. Through the 

application of his empirical framework with an updated dataset and methodology, we investigate 

whether Borjas’ original findings hold in a more updated labor market. We seek to discover if 

immigration lowers the wages of native-born U.S. workers. Our hypothesis is that there is no 

significant change in log average weekly wages given a change in immigrant share population. 

 

Data Summary  

In our study we replicated Borjas (2003), and using IPUMS we aggregated three years of data: 

2002, 2012, and 2022. The sample consisted of men aged 19-64 who are actively in the labor 

market in all 50 of the US states (excluding territories or districts like Washington D.C.). The 

sample was specifically selected to avoid individuals working in high school and those who may 

earn any form of retirement income (i.e. social security), which typically occurs at the age of 65.  
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The total number of sampled individuals was 1,682,141. Utilizing the St. Louis FRED Consumer 

Price Index for All Urban Consumers: All items in the U.S. City Average (CPIAUCSL), we 

corrected the reported wage income (INCWAGE) to 2022 dollars, before ridding each year of 

INCWAGE outliers. 

 

Once cleaned, we used INCWAGE and education (EDUC) variables pulled from IPUMS CPS 

database to generate two new variables: average weekly wage (AVGWAGEWK) and a 

corrected, more streamlined education variable (EDUC). 

 

The variable AVGWAGEWK is an approximation for how much money an individual makes 

each week, calculated by: 

𝐴𝑉𝐺𝑊𝐴𝐺𝐸𝑊𝐾 =  
𝐼𝑁𝐶𝑊𝐴𝐺𝐸

52
 

 

This notably does not account for hours worked in a year or weeks of unemployment. However, 

for the purpose of our study we will be using the log of AVGWAGEWK as the dependent 

variable. 

 

EDUC was cleaned to estimate years of schooling, with less than an 8th grade education 

counting as zero years of education.   

 

Dummy variables were created to describe educational attainment: those with 0-11 years of 

education were classified as DROPOUT, those with 12 years of education were classified as 

HSGRAD, those with greater than 12 but less than 16 years were classified as SOMECOL, and 

lastly those with 16 or more years of education were classified as COLGRAD. 

Furthermore, we created an additional variable WORKEXP which approximated experience 

based on age and education:  

𝑊𝑂𝑅𝐾𝐸𝑋𝑃 = 𝐴𝐺𝐸 − 𝐸𝐷𝑈𝐶 − 6 

𝑊𝑂𝑅𝐾𝐸𝑋𝑃 ≥ 0 

If a value was negative, it was instead changed to 0. This equation accounts for years of 

schooling and a constant of 6 years before primary schooling, meaning a high school graduate 
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who is 18 years old and has completed 12 years of education would be defined as 18-years-old 

with 0 years of experience. 

 

Using our newly created variable for work experience (WORKEXP) we sorted individuals into 

four experience categories and created dummies: WORKEXP0_5, WORKEXP6_10, 

WORKEXP11_15, and WORKEXP16_PLUS. While Borjas utilized eight work experience 

dummies we found that after 15 years of experience, the wage curves converged and were not 

meaningfully different, so we opted to reduce the number of dummies to maintain efficiency and 

degrees of freedom. 

 

Figure 1: Wage Distribution by Work Experience, 2022 

 

To control for interaction between education and experience, we made 16 interaction variables 

for each education and work experience level. In addition, we created state dummies based on 

the unique STATEFIP identifiers to yield a set of dummies categories as STATE_X. 
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We assessed the nativity of the sampled individuals (IMMIGRANT), classifying those as either 

native-born citizens (including citizens of the United States born abroad) or other, which 

includes naturalized citizens and non-citizens. 

 

After identifying immigration status with the IMMIGRANT dummy, each U.S. citizen 

(IMMIGRANT = 0) was put into a group (i.e., “bucket”). Each bucket consists of native 

individuals with the same education, work experience and state values. These buckets each 

contain a minimum of at least 50 individuals. Buckets with less than 50 individuals were dropped 

to ensure viable point estimates and reduce within-group variation. 

 

Following the creation of these buckets, we generated our dependent variable, 

IMMIGRANTPERCENT. This variable is the corresponding number of non-natives as a 

percentage of the population in their corresponding bucket (i.e., it is the weight of population for 

a given bucket (same education, work experience, and state) made up by immigrants, but 

immigrants were not included in the final data set, as our research is focused on native wages). 

IMMIGRANTPERCENT is a weighted variable that, over different years shows change in 

immigrant population for a given educational, work experience, and state category. 

 

After aggregating the data, we had 1801 observation groups. We created STATEWEIGHT which 

is variable for the population weight of each state by number of observations in the data set for a 

given year.  

 

Empirical Strategy   

 Following the completion of organizing and cleaning our data set we ran a weighted least 

squares regression:  
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𝐿𝑜𝑔(𝐴𝑉𝐺𝑊𝐴𝐺𝐸𝑊𝐾𝑖𝑠𝑡)

= 𝛽0 + 𝛽1𝐼𝑀𝑀𝐼𝐺𝑅𝐴𝑁𝑇𝑃𝐸𝑅𝐶𝐸𝑁𝑇𝑖𝑠𝑡 + 𝛽2𝐷𝑅𝑂𝑃𝑂𝑈𝑇𝑖𝑠𝑡 +  𝛽3𝑆𝑂𝑀𝐸𝐶𝑂𝐿𝑖𝑠𝑡

+ 𝛽4𝐶𝑂𝐿𝐺𝑅𝐴𝐷𝑖𝑠𝑡 + 𝛽5𝑊𝑂𝑅𝐾𝐸𝑋𝑃0_5𝑖𝑠𝑡 + 𝛽6𝑊𝑂𝑅𝐾𝐸𝑋𝑃6_10𝑖𝑠𝑡

+ 𝛽7𝑊𝑂𝑅𝐾𝐸𝑋𝑃11_15𝑖𝑠𝑡 + 𝛽8𝑊𝑂𝑅𝐾𝐸𝑋𝑃16_𝑃𝐿𝑈𝑆𝑖𝑠𝑡

+ 𝛽9(𝐷𝑅𝑂𝑃_𝑊𝑂𝑅𝐾𝐸𝑋𝑃𝑋_𝑋)𝑖𝑠𝑡 + 𝛽10(𝐻𝑆𝐺_𝑊𝑂𝑅𝐾𝐸𝑋𝑃𝑋_𝑋)𝑖𝑠𝑡

+ 𝛽11(𝑆𝑂𝑀𝐸_𝑊𝑂𝑅𝐾𝐸𝑋𝑃𝑋_𝑋)𝑖𝑠𝑡 + 𝛽12(𝐶𝑂𝐿_𝑊𝑂𝑅𝐾𝐸𝑋𝑃𝑋_𝑋)𝑖𝑠𝑡 + ∑ 𝛿𝑠

𝑠

∙ 𝑆𝑇𝐴𝑇𝐸𝑆 + ∑ 𝛾𝑡

𝑡

∙ 𝑌𝐸𝐴𝑅𝑡 + 𝜀𝑖𝑠𝑡 

• 𝐿𝑜𝑔(𝐴𝑉𝐺𝑊𝐴𝐺𝐸𝑊𝐾𝑖𝑠𝑡) = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑤𝑒𝑒𝑘𝑙𝑦 𝑤𝑎𝑔𝑒 𝑓𝑜𝑟 𝑔𝑟𝑜𝑢𝑝 𝑖 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒 𝑠 𝑎𝑛𝑑 𝑦𝑒𝑎𝑟 𝑡 

• 𝐼𝑀𝑀𝐼𝐺𝑅𝐴𝑁𝑇𝑃𝐸𝑅𝐶𝐸𝑁𝑇𝑖𝑠𝑡 =  𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑓 𝑖𝑚𝑚𝑖𝑔𝑟𝑎𝑛𝑡𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 

𝑜𝑓 𝑎 𝑔𝑟𝑜𝑢𝑝  𝑤𝑖𝑡ℎ 𝑖 𝑠𝑒𝑡 𝑜𝑓 𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒, 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒𝑠 𝑠, 𝑖𝑛 𝑦𝑒𝑎𝑟 𝑡  

• 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 𝑑𝑢𝑚𝑚𝑖𝑒𝑠: 𝐷𝑅𝑂𝑃𝑂𝑈𝑇, 𝐻𝑆𝐺𝑅𝐴𝐷, 𝑆𝑂𝑀𝐸𝐶𝑂𝐿, 𝐶𝑂𝐿𝐺𝑅𝐴𝐷 

• 𝑊𝑜𝑟𝑘 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 𝑑𝑢𝑚𝑚𝑖𝑒𝑠: 𝑊𝑂𝑅𝐾𝐸𝑋𝑃0_5, … , 𝑊𝑂𝑅𝐾𝐸𝑋𝑃16_𝑃𝐿𝑈𝑆 

• 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑡𝑒𝑟𝑚𝑠 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒: 𝑒. 𝑔. , 𝐷𝑅𝑂𝑃_𝑊𝑂𝑅𝐾𝐸𝑋𝑃𝑋_𝑋 

• 𝑆𝑇𝐴𝑇𝐸 𝑎𝑛𝑑 𝑌𝐸𝐴𝑅 𝑎𝑟𝑒 𝑓𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠 

• 𝜀𝑖𝑠𝑡 = 𝑒𝑟𝑟𝑜𝑟 𝑡𝑒𝑟𝑚  

 

In our regression, the log of average weekly wage was regressed on our variable 

IMMIGRANTPERCENT, controlled by education, work experience, state- and time-fixed 

effects, and weighted by STATEWEIGHT. Using 2022 as our base year, HSGRAD as base level 

of education and California as our base state.  

 

Replication Approach  

In our approach to replicate Borjas (2003), we maintained the core approach investigating if 

Immigration affects native wages. We utilized the same methodology implementing a weighted 

least squares regression using Current Population Survey (CPS) and Census data collected from 

IPUMS. In addition, we chose to only look at native male workers. As previously mentioned, we 

grouped individuals into skill-specific “buckets” based on education, work experience, and state.  

With our key independent variable being IMMIGRANTPERCENT we applied a weighted least 

squares regression like Borjas’s original model which includes controls for education, 
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experience, state, and year fixed effects, with the inclusion of interaction terms. Our final dataset 

resulted in about 1,801 observations.  

 

Key differences in our approach included an updated time period. In our replication we used 

more recent data looking specifically at 2002, 2012, and 2022 as opposed to the 1960-to-2001-

timeframe utilized by Borjas, with our intention being to provide a more updated insight into 

Borjas research and see if his findings still stand. 

 

In his approach Borjas used national-level data grouping workers into 40 skill groups based on 4 

education categories and 8 experience categories. In our replication we sampled all 50 U.S. 

States using California as our base. With groups or “buckets” of at least 50 individuals sorted 

based on 4 education categories: drop out, high school graduate, some college, and college grad, 

and 4 experience categories: 0-5 years, 6-10 years, 11-15 years and 16 plus.  

All together we maintained the core structure of Borjas’s analysis. Adapting some aspects of 

methodology using updated data to reflect a more modern labor market. 

 

Results  

In our research we sought to discover the effect of immigration on the log of average weekly 

wages among native-born male workers aged 16-64. Our regression controls for education, work 

experience, state, and year fixed effects, and is weighted by each state’s share of the sample 

population STATEWEIGHT. 

Table 1 represents our main findings in comparison to those of Borjas (2003).  

 

Table 1: Comparison of findings between Borjas (2003) & Frutiz, McHatton (2025) 
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With an R-squared of 0.965, our model performs well as approximately 96.5% of the variation in 

the log of average weekly wages is explained by the model. With IMMIGRANTPERCENT as 

our key independent variable which measures the share of immigrants within each education-

experience-state group. We found that a 10-percentage point increase in immigrant share is 

associated with a 0.4% increase in log average weekly wages. 

Table 2: Year fixed effects  

 

At first glance there are notable shifts amongst our year dummy variables. Table 2 shows that 

relative to 2022 wages were significantly higher in 2002 with a coefficient of 0.07, while with a 

coefficient of -0.12 wages dropped in 2012. 

 

Additionally, we saw state-level fixed effects demonstrated a variation across regions. Using 

California as our base state, states such as Virginia (0.137), Washington (0.1400) and Wyoming 

(0.1526) showed significant and positive wage differentials compared to California. While other 

states like Mississippi (-0.0364) and Montana (-0.0574) demonstrated lower wages at the 10% 

confidence interval. 

 

Unlike Borjas our results indicate a small but positive association between immigration and 

native wages in our modern labor market. This may suggest that the impact that immigration 

may have evolved over time or even that our slight differences in methods made a difference in 

our results.  

 

Discussion and Reflection 
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In our own research we were able to successfully implement Borjas’s regression framework. We 

constructed meaningful skill-experience groups and effectively adjusted for inflation as well as 

properly cleaned our dataset. Using Borjas (2003) as our reference guide we were able to 

replicate his study with minor adjustments to provide meaningful insight as to how immigration 

affects native-born citizens wages. 

 

Through this eight week process we faced some challenges in our research. Having to adjust our 

data set over four times to ensure the proper variables were selected, ensuring variables were 

properly cleaned, and narrow down our data set to a reasonable number of variables. Being that 

Borjas’s research is a working paper we were at times working with limited information 

regarding methodology. Through brainstorming and discussion our team made decisions that we 

felt were best suited for our replication.  

 

Though our results deviated from Borjas (2003) as we found a positive relationship amongst 

immigration and native-born wages it is possible that results might vary simply due to time. Our 

results suggest that over time, immigration may have less adverse effects on wages. Another 

explanation might be a result of changes in immigration. Perhaps the slight adjustments in 

methodology and looking at immigration from a geographical standpoint as opposed to a 

national level might explain our differing results. 

 

Future Research  

There is room for future research to try and address endogeneity issues regarding regional 

selection bias. There is likely a bias that immigrants move to or are offered jobs in areas of the 

U.S. that are growing economically and have a demand for labor. 

Additionally, we kept four education categories to better simulate Borjas’s approach, however 

five education groupings may be appropriate to accommodate for tertiary education such as 

master’s or professional degrees.  

Lastly our data could be broadened or updated to include women and additionally focus on 

demographic differences such as race. 
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Appendix 

 

Table A1. Variables & Codebook 

 

The following codebook is a combination of the variables pulled from IPUMS including our 

constructed variables WORKEXP and YEAR_2022. 

Variable Name  Description Values/Codes  

YEAR_2002 

 

Dummy variable indicating 

year of observation  

1 if the year is 2002, else 0 

YEAR_2012 Dummy variable indicating 

year of observation 

1 if the year is 2012, else 0  

YEAR_2022 Dummy variable indicating 

year of observation 

1 if the year is 2022, else 0 

IMMIGRANTPERCENT Percent of immigrants within 

each education x experience x 

state group 

0 – 90.872% 

DROPOUT Dummy for individuals with 

less than high school diploma 

1 if DROPOUT, 0 else  

HSGRAD Dummy for individuals with 

a high school diploma 

1 if HSGRAD, 0 else 

SOMECOL Dummy for individuals with 

some college education 

1 if SOMECOL, 0 else 

COLGRAD Dummy for individuals with 

a college degree 

1 if COLGRAD, 0 else 

WORKEXPX_X Dummy variable for years of 

work experience, based on 

age and education 

0-5, 6-10, 11-15, 16+ 

DROP_WORKEXPX_X Interaction term: Dropout x 

Work Experience  

0-5, 6-10, 11-15, 16+ 

SOME_WORKEXPX_X Interaction term: Some 

College x Work Experience  

0-5, 6-10, 11-15, 16+ 

HSG_WORKEXPX_X Interaction term: High School 

grad x work experience  

0-5, 6-10, 11-15, 16+ 

COL_WORKEXPX_X Interaction term: College 

Graduate x Work Experience 

0-5, 6-10, 11-15, 16+ 

STATE_X State level dummy variables 

for geographic fixed effects 

1 = resides in state X (e.g., 

Alabama); 0 = otherwise   

AVGWAGEWK Derived from INCWAGE 

variable by dividing by 52 

Continuous: $216.90 - 

$1,840.71 (2022 dollars) 
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Figure A1. Regression Output (Full Model Results) 

  

Below is a figure for the results our Weighted Least Squares (WLS) regression results estimating 

the effect of immigration percentage on log of average weekly wages. The following regression 

includes controls for education, experience, state fixed effects, year indicators, and interaction 

terms.  
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Figure A1. continued  
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