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Abstract 

 

 

 

 

The H1B visa is under scrutiny over fears of Americans losing their jobs or experiencing lower 

salaries, especially in STEM occupations.  Some have suggested that companies prefer the H1B 

workers because, among other reason, they are paid less than similarly employed Americans. 

This paper compares the salaries of H1B workers in America with similarly employed native 

workers in banking, computer science, sciences and architecture and engineering occupations in 

2015.  Combining the 2015 Occupational Employment Survey by the Bureau of Labor Statistics 

and the 2015 H1B disclosure data published by the Department of Labor, I regress salary with 

an H1B dummy variable, a variable for location and occupation, as well as other relevant 

controls, in order to test if H1B holders are in fact paid less than similar natives.  Overall, I find 

that H1B holders paid between $6000 and $16000 in the STEM jobs, but paid $2000 more in 

banking jobs.  I also find that observations where the prevailing wage came from an alternative 

survey source were correlated with lower salaries, and that H1B employers who are dependent 

on H1B workers have even lower salaries than H1B employers in total.  Finally, I use an 

incomplete skill level variable to estimate how much of the salary gap is due to differences in 

skill level between H1B workers and Americans.  By comparing H1B and H1B dependent 

employers, I find evidence that much of the salary gap is due to skill level, but some of it may be 

due to tampering of prevailing wage data. 
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Introduction: 

 

 

 The H1B visa is a temporary work visa offered by the US government that focuses on 

skilled immigrants, especially in the computer science and technology fields.  Created originally 

in 1952, the visa underwent many changes and has been the subject of multiple presidential acts.  

In 1990, the annual cap was set at 65000 workers per year, and this number would continue to 

rise until it reached over 200,000 in the early 2000s, when it would be restricted again to 80,000 

workers per year.  Workers are sponsored for a visa by their employing company, and are able to 

stay in the US for a period of three years, with a possible three-year extension afterward.  As of 

2014, 57 % of visa went to Indians, with 65% of all visas going to jobs in computer related 

fields.  The visa holders are mainly in the 25-34 age bracket, and around half have a bachelor’s 

degree, with around half holding a masters.   

Recently, the H1B visa has again come to the attention of the government as fears of 

outsourcing grow (especially in computer related fields, with 20% of all employees in the US 

being immigrants).  For example:  a lawsuit against Disney which gained national attention, in 

which former employees claimed that Disney had made them train their H1B replacements 

before letting them go in order to save on IT costs.  This lawsuit, which resulted in a hearing in 

front of Congress, represents a growing advocacy movement in opposition to the visa. 

Opponents of the visa argue that, especially in the STEM fields, foreign workers are preferred to 

natives because companies can pay them a lower salary.i  By moving into the American labor 

market, they argue that H1B workers are depressing wages, increasing competition for 
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employment, and making STEM fields less attractive for American students.  Technically, H1B 

workers must be paid a prevailing wage, which is determined by skill level and occupation, and 

is designed to ensure that H1B workers are not underpaid compared to natives with similar skills 

in similar jobs.  However, there are three aspects of the application system which critics assert 

makes it possible to ignore the prevailing wage.  First, employers are free choose from a number 

of prevailing wage sources for the lowest wage estimate available.  Secondly, the US 

government admits that it is not able to adequately check for the accuracy of the prevailing 

wages used in applications.  Finally, critics suspect that employers misrepresent the jobs that visa 

holders will do, filling out their applications with lower paying jobs, and then having them do 

higher level work.  

Defenders of the H1B program reject that the visa is harming native employees in STEM 

and computer related fields.  They argue that there is a shortage in native workers looking for 

work in these areas, and that employers need to look to the rest of the world to fill their labor 

requirements in an expanding industry.ii  Others, especially the large tech companies like 

Google, point out that immigration is a driving factor of innovation at the high end of the skill 

spectrum and that reducing the H1B program would deprive America of many of the best talents 

in the computer and internet fields.iii  These advocates identify high skilled immigrants as 

complements to American workers, holding different skills and increasing their productivity, 

while the other side characterizes high skilled immigrants as substitutes for American workers 

directly competing for the same jobs.  In this type of environment, further studies on high skilled 

immigration have large implications for future growth in American industries.  If H1b holders 

supply STEM companies with labor they cannot find in the US but need to grow, and act as 

complements to American workers thereby increasing their productivity and salary, then limiting 
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the H1b program would be a bad move.  If H1b holders are actually substitutes for native 

employees and are hired for their low wage costs, then it may be justified to limit the program.  

By comparing native workers’ salaries in computer related fields to H1B employees, I test the 

hypothesis that H1B workers are paid less than natives for the same work.  In summary, I find 

that H1B holders are paid significantly less than natives computer and life and science 

occupations, but more in banking related jobs.  Furthermore, most of this wage difference in the 

computer science jobs can be explained by low skill level of H1B holders, though I find evidence 

that some if it could come from H1B employers artificially altering their given prevailing wages 

data. 

 

Literature Review and Economic Theory: 

 

On the topic of the impact of immigrants on native workforces, one of the most 

influential studies was done by economist David Card in 1990 on the subject of the Mariel 

immigration event in Miami.iv  Identifying this event, in which 60000 Cubans landed in Miami, 

as a unique and one time supply shock to the local labor economy, Card looked for evidence that 

the bottom 25% of earners in Miami between the ages of 16 and 60 were negatively affected by 

this migration.  With employment data from the Current Population Survey, Card showed that 

mean salary and unemployment for this group did not change noticeably after the supply shock, 

when compared to the same group in four control cities.  He suggests that natives moved on to 

better occupations, with the newcomers taking their places.  Due to the unique nature of the 

Mariel Boatlift, which provided a natural experiment in labor economics, this study became 

widely influential in the field and inspired other papers with its methodology.  Looking at the 
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labor market conditions before the identified event and after, and then comparing this change to a 

control group that did not experience immigration, is a common strategy for estimating the effect 

of immigration in newer studies. 

On the other side of the broader immigration debate is a study done by George Borjas in 

2016, which revisits the Card paper and presents an alternative conclusion.v  Still focusing on the 

Mariel Boatlift, Borjas uses a different survey from the Current Population Survey and restricts 

his group of study to men aged 21 to 50 who dropped out of high school, as well as different 

control groups for comparison.  Using ordinary least squares regression, Borjas finds a drop of 

10 to 30% of the wages for drop outs in the immediate years after the boatlift, and comes to the 

opposite conclusion that Card does: that the Mariel Boatlift did affect the low skilled labor 

conditions in Miami.   

Following in the footsteps of Card, William and Sari Kerr apply similar regression 

techniques to look at the impact of H1B influxes on native employment.  They use a new dataset 

called the Longitudinal Employer-Household database from the US Census Bureau to estimate 

the effect of increased foreign hiring in the science, math, engineering and math fields on native 

employees looking for new jobs.vi  Their study sets up a regression equation in which 

employment outcomes after leaving job, such as time unemployed and salary of the next job, are 

explained by levels of hiring of foreign born employees at the firm that was left, levels of foreign 

hiring interacted with a dummy variable for STEM firms, and controls for individual factors, 

year, sector, local economic conditions and region.  They find that that from 1990 to 2008, 

employees who left a STEM firm after their firm hired abnormally high number of foreign 

workers waited longer for new work and have reduced earnings, compared to workers in non-

Stem fields.  They do note that their conclusions are non-casual, so no explanation is 
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attempted.  The study adds an important statistical analysis to the debate over the impact of 

STEM, and H1b workers on native employees, although it offers no explanation as to why 

STEM workers face these challenges but not employees in other fields.  In contrast is a study 

done by Madeline Zavodny, which attempts to regress the concentration of h1b workers in 

various cities with the IT salary and unemployment rate in those cities, in order to see whether 

the h1b workers are depressing wages or making employment more competitive.vii  Using 

Current Population Survey data, and data on h1b visa applicants from the Department of Justice, 

Zavodny finds no negative effect of h1b concentration on wages or employment in the IT field  

In contrast to the two mentioned above, many studies on the H1B visa have been devoted 

to directly testing economic theories related to the H1B, as opposed to simply looking for how 

the native workforce is impacted.  There are two competing theories on the impact of H1B visa 

holders on the tech market, and these theories are reflected in the existing literature.  The first 

view is taken by the skeptics, who see immigrants as competing for jobs with natives.  Basic 

supply and demand says that if you increase the supply of tech workers, and demand is constant, 

then salary will fall as more workers are vying for the same jobs.  However, critics of the H1B 

program go beyond this explanation, claiming that H1B holders are not simply substitutes for 

native workers, but are in fact preferred because they cost less, and give the employing company 

more control.  Therefore, not only are there more tech workers to choose from, but the foreign 

ones (usually younger) are preferred to the natives (usually older).  This view is articulated in a 

study by Norm Matloff, who uses the 2013 National Survey of College Graduates to estimate the 

difference between foreign and native computer science workers’ salaries when controlling for 

age and education, high cost of living areas.viii  The resulting regression equation showed savings 

for the hiring company of $7000 when hiring foreign talent.  By showing that H1b holders are 
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underpaid compared to American, the author cites these results as evidence that companies hire 

H1b employees in order to save on salary costs.   In a similarly motivated study, Doran, Gelber 

and Isen use unexpected H1b visa allocations via a lottery to estimate the effect of one additional 

H1b visa on employment at a firm on patenting, employment, and firm profits.   Using regression 

equations, they find that payroll per employee decreases for every extra H1b awarded, total 

employment does not increase in a significant way, patenting does not increase.  They affirm the 

narrative of firms hiring H1b visa workers to save on payroll, instead of due to innovation, and 

also reject the narrative that H1b workers create jobs for natives in their fields, instead 

categorizing them more as substitutes.ix 

Directly in opposition to this view is the idea that H1B visa holders are in fact filling a 

void in the US labor market, and do not compete with Americans for the same jobs.  This theory 

holds that there is inadequate supply of native Americans for the tech industry and that H1B 

holders positively complement native workers.  A study by Rothwell and Ruiz at Brookings 

Institute shows that wages are rising in the occupations that receive the most H1B applications, 

suggesting a shortage.  Some proponents of the visa also suggest that foreign workers are more 

skilled than native ones and are providing the US with needed expertise.  Thus, Rothwell and 

Ruiz use 2010 H1b petition information and the 2010 American Community Survey to compare 

salary when controlling for age and occupation, in a similar way to Matloff.x  They find that 

general H1b holders are paid $10,000 more than natives, affirming their narrative that H1B 

holders are not underpaid and that there is a lack of supply.  However, they do not control for 

skill.  Giovani Peri, Kevin Shih and Chad Sparber also takes the position that H1B immigrants 

are compliments that positively impact their peers in a more complicated economic model.xi  The 

authors use the fact that most H1B holders go to cities where there are large concentrations of 
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their own countrymen to predict the amount of H1B immigration to American cities by 

multiplying the ethnic percentages by the total number of H1b allocations that year.  Using this 

derived number as an instrument for actual growth of H1b holders in American cities allows the 

authors to account for reverse causality: the fact that H1b workers will be more likely to 

immigrate to cities that are performing better economically.  Regressing the instrument for H1b 

increases with various economic indicators for cities, and controlling for city and industry 

specific effects, the authors find that increased H1b immigration was associated with higher 

wages for college graduates and productivity, but had no effect on employment.  The authors 

explain the results by pointing to the popular argument that H1b workers are complements to 

American tech workers, instead of substitutes, meaning that they have different skills and their 

presence helps American workers perform more efficiently, instead of competing for the same 

jobs.  

My regression equation adds to the existing work by including controls for region and 

prevailing wage source and skill level data.  I also divide the petitioning firms into categories for 

comparison: H1B dependent employers and employers who violated H1B rules.  H1B dependent 

employers are those which have a high ratio of H1B to American employees, ranging from 15% 

to 30% based on how large the company is.  Another new aspect of my study is dividing H1B 

petitions by occupation type: banking, architecture and engineering, computer science and 

sciences.  This allows me to compare how H1B salaries compare to natives across job types. 

Finally, my estimation draws on a different dataset than both of the other studies on H1b wages, 

and uses a more recent date.   

Unfortunately, my analysis also runs into issues due to deficiencies with my data.  My 

regression only has a partially complete skill level variable: The US government gives four 



9 
 

increasing salary options to petitioning firms for a given occupation based on skill level.  Thus 

my H1B has a skill level variable which has not pair in the native OES data.  As a result, my 

regressions comparing native and H1B salaries cannot exclude the possibility that the difference 

is due to difference in skill, though I do use the skill level variable in other ways. While I do 

control for occupation type, I also have no industry variable.  This means that I am potentially 

comparing computer programmers for small banks to computer programmers for software 

companies.  Though this is not technically the same job, the US government makes no attempt to 

account for industry, and therefore H1B salaries are compared only to those in the same job and 

location.  Another issue is that my native data from the OES survey will include a small number 

of H1B employers, as it surveys all companies operating in the USA, and any estimates I find 

will be artificially deflated because of this. Finally, the US government determines its prevailing 

wage by looking at similar occupations within commuting distance from the citied job location, 

but I use a state level variable for region.  This may result in some impreciseness in my 

regressions.  

  The main theory that I am testing is that employers prefer H1B workers because they 

can pay them less than natives for the same job.  Using controls of occupation, region and H1B, I 

can see whether there is a discount associated with hiring H1B.  However, the absence of a full 

skill level variable means that the comparison is incomplete, and any difference may be due to 

skill level difference.  Thus indirectly, I am testing the theory that H1B workers are providing 

skills to the American economy that cannot be found in America.  A negative coefficient on H1B 

would suggest that H1B workers are in fact lower skilled than Americans.  Another theory that I 

am testing is whether any issues related to the H1B visa are confined to STEM occupations, as 

found by William and Seri Kerr.  By comparing H1B salaries to natives in computer jobs, life 
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and social science jobs, and banking, I can see whether holders are underpaid in jobs related to 

STEM only or if it is universal.  Finally, I am testing the idea that employers use alternative 

prevailing wage sources for lower salary estimates.   

In addition to testing proposed theories, I investigate the effect that being a dependent 

and violating H1B employer has on proposed salary, which is not discussed much in the 

literature.   

 

DATA: 

 

In order to compare H1B and native salaries, I use the US Department of Labor’s H1B 

Disclosure Dataset for fiscal year 2015 and the Occupation Employment Survey from 2015.  The 

first data file, the total petitions submitted for H1B visas in 2015 was downloaded from a website 

maintained by the Office of Foreign Labor Certification, a subsection of the US Department of 

Labor and administrator of the H1B program.  The OFLC releases yearly disclosure files on the 

H1B visa, as well as other types of visas such as H2B and LCA, for external review and 

study.  The 2015 H1B file has 605703 observations in it, every individual petition made by a 

company that was reviewed by the OFLC in fiscal year 2015 (Oct 1, 2014 to Sept 1, 2015), 

though many companies submit more than one petition.  The petitions were submitted in 2014 or 

2015.  While the 605703 petitions seem much higher than the 85,000 cap on H1B visas, not all 

petitions were for new employment.  Many petitions are submitted for transfer, change in 

employment, extensions, although the exact reason for petitioning is not included.  Also, the 

petitions include all rejected, accepted and withdrawn applications.  There are 45 variables for 

each observation, ranging from case code to employer name to the agent attorneys name and 
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address, of which I use 15 in my final dataset.  The unit of observation is individual visa 

petitions.  Most of these petitions represent just one employee with a specific occupation region, 

and salary, though some represent applications for five or 10 employees.  

 My second data file comes from the Occupational Employment Statistics section of the 

Bureau of Labor Statistics website.  The OES produces cross sectional estimates of May level 

employment and salary for full and part time workers in over 800 industries every year, based on 

the results of 200,000 questionnaires sent to businesses per panel.  The data file released by the 

OES includes the estimated averages for every defined occupation subgroup within the industry 

types defined by the BLS, broken down by state metropolitan region.  The result is 158000 

observations, with each observation representing an estimated average for the particular 

occupation type in the specific metropolitan region.   I take five variables from the OES data and 

append them onto the H1B data to make my final dataset: salary, occupation, state, total 

employment, and occupation code.  Using the two datasets, I compare the reported salaries for 

H1B and native, accounting for the state and occupation of the observation, for four different 

types of occupations: computer related jobs, jobs in life and social science, jobs in engineering 

and architecture, and jobs in banking.  Note that these are not industries, which have all different 

types of jobs, they are occupation groups. 

As stated above, my four final datasets are constructed by appending OES and H1b 

data.  The occupational codes are limited to only occupations related to computer science, social 

and life science architecture and engineering and banking for each respective dataset, and only 

applications which were accepted, whose employment was scheduled to start after March, 2015 

(the month the OES data was published, in order to make sure the data does not overlap) and 

which were for H1b were considered.  I append the H1B and OES data for each occupation 
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group, resulting in four appended datasets.  Each observation has an occupation, a state and a 

reported salary.  The only difference between the H1B and OES observations is the amount of 

people the observations represent, which is recorded in the employment variable.  The H1B data 

also has additional variables, including whether the company is dependent on H1B labor (a 

certain percentage of employees), has violated the rules of the program in the past, and the skill 

level and prevailing wage source cited. To get around the fact that the observations account for 

different amounts of workers, I use the total employment number (workers included in the 

petition requests and occupation averages) as a weight in the regression for how many individual 

people are represented in each observation.  Overall, the sciences dataset has 12173 observations, 

the computer science dataset has 330683 observations, the architecture and engineering 27674 

and the banking 37742. 

Overall, I expected to find a lower salary if the person is an H1B holder, and a lower 

salary if the prevailing wage was citied from an “other” survey.  Additionally, I expected that 

H1B dependent and violator employers would have lower salaries than H1B in general, and 

would use lower skilled workers.   
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The two charts below highlight relevant data summaries.   

 

 

 

Out of all of the H1B petitions, this graph shows what percent were dependent on H1B 

employees, with computer science employers standing out at 60%.  This means that over half of 

the CS firms applying for H1B visas were dependent on H1B workers.  As a reminder, in 2015, 

computer science received 65% of H1B visas, with architecture and engineering next at 9%, any 

everything else lower. 
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 The graphs above show what percent of each occupation grouping is skill level I, II III or 

IV, with IV being the highest.  Though this comparison depends on the skill distribution of 

American employees in these occupations, it is clear that absolutely, H1B workers are not high 

skill.  More data summaries are in the data appendix. 

 

Model: 

 

My goal is to see how the salaries of H1B workers compare to the employees already 

established in the USA while controlling for region and occupation.  In order to do this, I use a 

Banking 

CS Arch and ENG 

Sciences 
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basic OLS model where salary as my dependent variable, and add state, occupation code, and a 

dummy variable for whether the observation is H1B as explanatory variables.   

 

Y = bo + b1 H1b + b2 S + b3 O + E 

 

Y represents the dependent variable, salary paid to employees, measured in dollars, and observed 

at the individual level.  While in the dataset used, the observations sometimes represent many 

people, and the salary reported is their average, in this regression the observation is individuals 

because the data will be weighted by how many employees the average represents.  H1B is a 

dummy variable for whether the observation is an H1B observation, and its coefficient will 

report how much more or less H1B employees are paid, controlling for all other variables.  S 

represents the unordered categorical variable state, where the employment is to take place, and 

controls for location.  It can be any of the 50 states.  O is another unordered categorical variable 

for the occupation name, controlling for the type of job, with many different job labels as 

possible values. 

 At first, I thought that it may not be necessary to account for the fact that the observations 

account for very different numbers of people, as adding more observations to the dataset would 

not change the effect of H1B on salary if they were the same values as the existing ones.  

Additionally, because using total employment as a weight on the observations impacts my results 

greatly, I need to defend why I am using it.  There are two reasons: in the simple regression of 

salary and H1B, weighting the observations changes the proportions of observations, and as the 

observations have different salaries, this changes the averages salaries of H1B holders and 

natives.  Imagine a dataset with only two OES observations, one accounting for 10 people with a 
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salary of 40,000, and an observation accounting for 1000 people with an average salary of 

80,000.  Without weighting, the average OES salary would be 60,000, when in reality the 

average would be much higher, as there were more people in the 80,000 occupation.  The second 

reason I believe weighting changes the regression is that the occupation and state dummies are 

affected by weighting, in the same way that the H1B dummy would be: changing the proportions 

of the observations changes the average salary for the state or occupation. 

 I also run the same model above with H1B depend and violate variables included, to see 

how these groups compare to H1B as a whole.   

Finally, I use the model :  

salary = b1 occupation b2 state b3 h1b depend b4 violate b5 prevailing wage source b6 skill 

level + C 

 to see how salary changes based on the prevailing wage source.  I can include the skill level 

variable here because I am only interested in how the wage source dummies compare to each 

other, not how their salary compares to natives’.  H1B as a variable is omitted due to collinearity.   

 

 

 

 

Results: 

 

 Overall, I found that H1B workers are underpaid in computer, life and social science 

occupations and engineering, but overpaid in banking jobs.  H1B violators paid less than the 

overall H1B employers in most of the datasets, but not all, and the “other” prevailing wage 

option was lower than the OES survey in most, but not all as well.  
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 First, I regression salary with H1B dummy, occupation and state using total employment 

as average weights for the computer science, sciences, architecture and engineering and banking 

datasets.  The resulting coefficients on H1B are in the graph below. 

 

All of the H1B coefficients were significant to the third level, and the r^2 of the model 

ranged from .64 to .81 depending on the dataset.  All but four of the occupations and states were 

significant, and the not significant ones had very low amounts of observations.  You can see a 

negative coefficient for the STEM occupations ranging from $6000 to $16000, but a positive 

coefficient of $2000 for banking, meaning H1B bankers actually make more than similar natives.  

Next, I ran the same regression with the h1b dependent, violator, prevailing wage source 

and prevailing wage skill level variables added in.  I add in the skill level variable here because I 

am interested only in the coefficients on the survey sources, and how they compare to each other, 

not how they compare to the native salaries.  Since all observations with the survey variable also 

Salary = b1 H1B + b2 occupation + b3 state + C 
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have the skill level variable, there should not be an issue including skill level in the regression.  

The graph below shows the difference between the “other” option on wage source coefficient, 

and the standard OES option coefficient. 

 

All of the wage source variables are significant except for computer science.  Positive 

values show that the OES option is correlated with higher salaries, taking into account 

occupation and state.  This effect is especially visible in the banking occupations, which have a 

difference of over $10,000.   

In order to fully interpret the depend and violate variable, I had to drop the wage source 

and skill variables, because they are collinear with the H1B variable, and not fully complete.  I 

want to see how including depend and violate in the regression affects the total H1B coefficient.  

The result of the regressions of salary with H1B, state, occupation, depend and violate variables 

are in the graph below.  Violate is left out because no coefficients were significant. 

Salary = b1 H1B + b2 occupation + b3 state + b4 h1bdepend + b5 violate + b6 wage source + b7 skill level + C 
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The results are mixed.   In banking and computer science, dependent h1b employers pay 

much less compared to natives than non-dependent h1b employers, who in fact pay more than 

natives.  In the computer science data, the H1B coefficient is now positive, revealing that 

dependent employers account for all of the negativity found in the original equation.  In 

architecture and science, the result is much less pronounced, but still visible.  In the original 

regression without the depend variable, the H1B coefficient was -$6000, and is now -$5000, with 

some of it being explained by the lower depend coefficient.    In the sciences dataset, dependent 

employers pay the same as sciences, but both are still well below native salaries.   

One large qualifier for the results of the regressions, excluding the wage source data, is 

that any difference in salary found could due to the fact that the groups have employees of 

differing skill.  This next section uses the partially completed skill level variable in the computer 

science dataset (only filled for H1B observations) to estimate how much of the difference 

Salary = Salary = b1 H1B + b2 occupation + b3 state + b4 h1bdepend + b5 violate + C 
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between H1B and native employers in computer science jobs, $9000, is due to skill level.  The 

original regression for computer science data is below. 

 

 

As shown in the H1B and Depend coefficients graph, including the dependent variable in 

this regression changes the H1B coefficient, so that it is actually positive.  This means the 

negativity of the total -$9000 H1B coefficient is coming solely from the 60% of employers who 

are dependent.  If I can explain why the h1b dependent variable is so negative, I can explain why 

the total H1B variable is negative.  Here I assume that all of the negativity of the h1bdepend 

variable, the reason that dependent CS employers pay $15000 less than natives in the same job 

and state, is because of skill level.  This would mean that the reason dependent employers pay 

less than nondependent H1B employers is also because of skill level, and this is something I can 

test with my skill level data.   

Regressing salary with H1b depend, state and occupation variable, for only H1B 

observations:  

 

This is as you would expect, dependent employers pay $17000 less than all H1B 

employers.  Next I include the skill level variable in the regression: 

         H1B    -8807.354   64.03995  -137.53   0.000     -8932.87   -8681.837

                                                                              

      salary        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

                                                                              

   h1bdepend    -17429.84   53.40251  -326.39   0.000    -17534.51   -17325.17

                                                                              

      salary        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

                                                                              

Salary = b1 H1B + b2 occupation + b3 state + C 

Salary = b1 H1Bdepend + b2 occupation + b3 state + skill + C 
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 These results show a linear pay scale on the skill level system, with each level increasing 

salary by around $16000.  Additionally, including the skill variable in the equation does not 

account for all of the difference between H1B dependent employers nondependent.  This, 

however, could be because dependent employers tend to own less successful or profitable 

businesses than nondependent employers, and pay their H1B employees less of a premium above 

the lowest possible prevailing wage.  I substitute prevailing wage for salary in the next regression 

to account for this: 

 

 

Clearly, a lot of the difference in salary between dependent and nondependent employers 

comes from the fact that nondependent employers just pay their H1B employees more of a 

premium above the cutoff prevailing wage.  However, there is still $1500 between the prevailing 

wages of the two types of employers, accounting for state, occupation, and skill level.  Legally, 

   h1bdepend    -14187.06    40.3305  -351.77   0.000    -14266.11   -14108.01

                                                                              

      salary        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

   Level IV      49685.11   84.39583   588.72   0.000      49519.7    49850.52

  Level III      33515.08   59.70055   561.39   0.000     33398.07    33632.09

   Level II      15894.39   38.03724   417.86   0.000     15819.84    15968.95

  pw_wagelvl  

   h1bdepend    -1563.905   21.82304   -71.66   0.000    -1606.677   -1521.132

                                                                              

PREVAILING~E        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

                                                                              

Salary = b1 H1Bdepend + b2 occupation + b3 state + skill + C 

Prevailing Wage = b1 H1Bdepend + b2 occupation + b3 state + skill + C 
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these are the only considerations that the government uses in determining the prevailing wage.  

This suggests that some of the difference between H1B and H1B dependent salaries could be due 

to artificially lowered prevailing wages of dependent employers.  As a consequence, some of the 

difference between H1B dependent salaries and native salaries could be due to lowered 

prevailing wages.     

Running the same prevailing wage regression for banking and architecture and 

engineering, the other datasets where dependent employers paid less, I found negative 

coefficients of 1000 and 650 respectively, suggesting whatever is causing the prevailing wage to 

be lower in computer science is also happening in these fields.   

 

 

 

Conclusions: 

 Because of the limited nature of the data, the only conclusion that can be drawn for 

certain from the regressions comparing native and H1B salaries is that H1B employees make 

significantly less than natives in the same occupation and state in computer science, sciences and 

architecture and engineering, but make more money in banking.  Additionally, H1B dependent 

employers pay their employees significantly less than nondependent employers in banking, 

computer science, and architecture and engineering, with the effect particularly visible in 

   h1bdepend    -985.6924   102.7018    -9.60   0.000    -1186.987   -784.3978

                                                                              

PREVAILING~E        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

                                                                              

   h1bdepend    -654.9495   136.0523    -4.81   0.000    -921.6171   -388.2819

                                                                              

PREVAILING~E        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

Banking 

Arch. and Eng. 
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banking and computer science.  Most of this difference is due to dependent employers paying 

less of a premium above the prevailing wage, but some comes from dependent employers hiring 

lower skilled H1B workers, and some comes from H1B employers having a lower prevailing 

wage in general.  Any of these differences could be due to the crucial omitted variable, skill 

level.   

 However, there is some evidence in the computer science jobs that some of the difference 

between H1B employees and native employees is due to another reason besides skill level.  

Comparing h1b dependent prevailing wages with all h1b prevailing wages showed that 

accounting for skill level, occupation and location, h1b dependent employees still had lower 

salaries of $1500.  This means that some other explanation besides skill, occupation and location 

is making the dependent observations lower than the other H1B observations, and thus lower 

than the native observations.  Since the total H1B coefficient for computer science was negative, 

and it was negative entirely because of the dependent observations, I can conclude that skill level 

is not the only reason natives were paid less than h1b employees in the computer science data.   

However, the difference between dependent and H1B employers did subside a lot when I 

used prevailing wage instead of salary as the dependent variable and included skill level as a 

variable.  Therefore, much of the difference in salary in that dataset is caused by skill, and the 

fact that h1b employers pay more of premium above the prevailing wage than dependent 

employers.  This is a significant finding because many employers claim that the h1b visa is used 

to recruit top talent from around the world and that it is integral to innovation in American 

industries.  In fact, H1B visa holders are actually paid less than natives in the STEM fields I 

studied, and that most of this pay differential is likely due to being lower skilled than natives. 
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 Additionally, I found that dependent employers had lower prevailing wages than 

nondependent H1B employers when accounting for skill level, occupation and location in 

banking and architecture and engineering as well.  This result suggests that whatever is causing 

the lower prevailing wage in computer science for dependent employers is also present in these 

fields.  One explanation could be that dependent employers are artificially lowering the 

prevailing wages on their applications.  Alternatively, both dependent and regular H1B 

employers could be deflating their given prevailing wages, but the dependent ones are doing it 

more.   

 Finally, I found that using the “other” option on the prevailing wage survey source 

resulted in savings of between $2000 and $12000 depending on the dataset.  Additionally, this 

result is not due to differences in skill level, which was included in the regression.  However, 

coefficients were not significant for the computer science data.  It seems like there is evidence 

that companies may prefer using private or alternative prevailing wage surveys to get a lower 

prevailing wage, and thus pay a lower salary, however more analysis is needed to make a real 

conclusion.  

 One caveat for my results is that my region variable is different to the one the 

government uses to determine prevailing wage.  The government asserts that it considers all 

similar occupations in a reasonable commuting distance from the job, which suggests it uses a 

regional or city level region determination, while my region is state level.   

 Another note is that my native data is a nationwide survey of all American companies, 

and will contain some percent of H1B employees in its data.  Thus, any coefficients I estimated 

are likely skewed to understate the effect they report.   
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 Overall, these results are supportive of previous studies that showed that H1B workers 

are underpaid compared to natives.  Specifically, the studies done by Matloff, and Doran, Gelber 

and Isen, which reported that H1B workers made less than natives, and that firms with an extra 

H1B worker had lower payrolls than average, respectively.  My results also support the findings 

of William and Sari Kerr, who showed that firms hiring H1B workers only negatively affected 

the market outcomes of employees in STEM fields, as I find underpaying in Social, Life, 

Physical and Computer science, as well as Architecture and Engineering, but not banking.  

Finally, this study contradicts the idea that the H1B visa is used to give American employers 

access to high skilled individuals and is crucial to innovation.  While this may be the case for 

some employers, most H1B holders are lowered skill than their counterparts in America. 

 To conclude, I find that H1B employees are underpaid in the STEM fields, but not in 

banking.  I find that dependent employers pay less than other h1b employers, and that most of 

this difference is due to dependent employers hiring lower skilled employees and paying less of a 

premium above the prevailing wage.  However, there is still a difference in salary, and prevailing 

wage, when accounting for skill level, suggesting that some other factor, potentially illegal, is 

causing dependent employers to pay lower salaries.  In addition, I find some evidence that 

employers use private or alternative prevailing wage surveys to procure lower estimates, and pay 

a lower salary, although the evidence is not nearly conclusive.  From these results, it seems clear 

that H1B workers are less skilled than their native counterparts in STEM occupations, and that 

most are not crucial to the innovation of American industries.  I cannot conclude that H1B 

employees are paid less than similar Americans due to the omission of a skill level variable, but 

my results do suggest that H1B dependent employers may be finding ways to pay their H1B 

workers less than the actual prevailing wage, especially in the computer science occupations.  
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For future studies, I think that including more groups of occupations would be beneficial to see if 

the trends that I found are consistent.  Also, finding American data with a skill level variable 

would make the regression results much more conclusive. 
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DATA APPENDIX 

 

Banking Dataset 

 

Salary     

 Mean Std. Dev. Min Max 

     

 79904.99 35157.63 18250 700000 

 

H1B      

  Mean Std. Dev. Min Max 

      

  0.849611 0.357458 0 1 

      

 

Occupation (TOP 3) 

 

 ACCOUNTANTS AND AUDITORS |         18.52 % 

FINANCIAL ANALYSTS |      17.20 % 

BUSINESS OPERATIONS SPECIALISTS, ALL OT |       1.76 % 

 

State (TOP 3) 

 

 CA |      15.29 % 

   IL |      5.83 % 

 FL |       4.82 % 

 

Skill Level  

 

Level Freq.  Percent Cum. 

     

     
Level I 15,894  51.36 51.36 

Level 

II 8,559 

 

27.66 79.02 

Level 

III 3,655 

 

11.81 90.83 

Level 

IV 2,837 

 

9.17 100 

     
Total 30,945  100  
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Prevailing Wage Source 

 

PW_WAGE_SOU    
RCE Freq. Percent  

    
CBA 8 0.02 

OES 27,612 86.11 

Other 4,446 13.87 

 

Dependent 

 

H-1B_DEPEND  

ENT Freq.    Percent  

    

0 33,753    89.45               

1 3,989    10.57        

   

Violate 

 

WILLFUL  

VIOLATOR Freq.  Percent 

    

0            37,733  99.98 

1             9  0.02 

    

CS DATASET 

 

Salary 

 

Mean    Std. Dev. Min Max 

      

81262.78    24472.48 20580 924000 

 

H1B 

 

VISA_CLASS    Percent 

  

0    1.25 

H-1B    98.75  

 

 

Occupation 

 

COMPUTER SYSTEMS ANALYSTS |   27.49 % 

COMPUTER PROGRAMMERS |   21.51 % 

COMPUTER OCCUPATIONS, ALL OTHER |  13.13 % 
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State (TOP 3) 

 

CA |     17.98 % 

TX |     10.20 % 

  NJ |     9.75 % 

 

Skill Level 

 

PW_WAGE_LEV  

EL    Freq.     Percent 

  

Level I 1  36,652   43.09 

Level II  127,738 40.2 

Level III  35,209             11.10 

Level IV  17,532   5.53  

 

Prevailing Wage Source 

 

PW_WAGE_SOU | 

        RCE |      Freq.     Percent        Cum. 

------------+----------------------------------- 

        CBA |        110        0.03        0.03 

        OES |    264,268       80.93       80.96 

      Other |     62,159       19.04      100.00 

------------+----------------------------------- 

      Total |    326,537      100.00 

 

Dependent 

 

H-1B_DEPEND | 

        ENT |      Freq.     Percent        Cum. 

------------+----------------------------------- 

          0 |    140,997       42.64       42.64 

          N |    189,686       57.36      100.00 

------------+----------------------------------- 

      Total |    330,683      100.00 

 

Violate 

 

WILLFUL | 

   VIOLATOR |      Freq.     Percent        Cum. 

------------+----------------------------------- 

          0 |    329,985       99.79       99.79 

          N |        698        0.21      100.00 

------------+----------------------------------- 

      Total |    330,683      100.00 
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SCIENCES DATASET 

 

Salary 

 

Variable Obs Mean Std. Dev. Min Max 

      

salary 12,092 68635.05 35057.04 24890 450000 

 

H1B 

 

 

VISA_CLASS  Freq. Percent Cum. 

    

0  3,083 25.33  25.33 

H-1B  9,090 74.67  100.00 

 

Occupation (Top 3) 

 

  CHEMISTS | 12.24 %       

  ECONOMISTS | 5.21 %       

  BIOLOGICAL TECHNICIANS | 6.09 %        

 

State (Top 3) 

 

  CA |    11.43 %   

  MA |   8.98 %    

  MD |   3.94 %   

   

Skill Level 

 

 

PW_WAGE_LEV | 

         EL |      Freq.     Percent        Cum. 

------------+----------------------------------- 

    Level I |      5,396       61.99       61.99 

   Level II |      1,923       22.09       84.09 

  Level III |        921       10.58       94.67 

   Level IV |        464        5.33      100.00 

------------+----------------------------------- 

      Total |      8,704      100.00 
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Prevailing Wage Source 

 

PW_WAGE_SOU | 

        RCE |      Freq.     Percent        Cum. 

------------+----------------------------------- 

        CBA |        225        2.48        2.48 

        OES |      7,427       81.71       84.18 

      Other |      1,438       15.82      100.00 

------------+----------------------------------- 

      Total |      9,090      100.00 

    

Dependent 

 

H-1B_DEPEND | 

        ENT |      Freq.     Percent        Cum. 

------------+----------------------------------- 

          0 |     11,892       97.69       97.69 

          N |        281        2.31      100.00 

------------+----------------------------------- 

      Total |     12,173      100.00 

 

Violate 

 

 

    WILLFUL | 

   VIOLATOR |      Freq.     Percent        Cum. 

------------+----------------------------------- 

          0 |     12,173      100.00      100.00 

------------+----------------------------------- 

      Total |     12,173      100.00 
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Arch. And Eng. Dataset 

 

Salary 

 

Variable Obs Mean Std. Dev. Min Max 

      

salary 27,613 84756.34 26876.1 23500 740277 

 

H1B 

 

VISA_CLASS |      Freq.     Percent        Cum. 

------------+----------------------------------- 

          0 |      4,473       16.16       16.16 

       H-1B |     23,201       83.84      100.00 

------------+----------------------------------- 

      Total |     27,674      100.00 

 

State (Top 3) 

 

CA |    22.86 %   

MI |     8.47 %     

IL |      4.73 % 

 

Skill Level  

 

PW_WAGE_LEV | 

         EL |      Freq.     Percent        Cum. 

------------+----------------------------------- 

    Level I |      9,450       45.27       45.27 

   Level II |      6,599       31.61       76.88 

  Level III |      3,081       14.76       91.64 

   Level IV |      1,745        8.36      100.00 

------------+----------------------------------- 

      Total |     20,875      100.00 

 

Prevailing Wage Source 

 

PW_WAGE_SOU | 

        RCE |      Freq.     Percent        Cum. 

------------+----------------------------------- 

        CBA |         47        0.20        0.20 

        OES |     18,236       78.60       78.80 

      Other |      4,918       21.20      100.00 

------------+----------------------------------- 

      Total |     23,201      100.00 
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Dependent 

 

H-1B_DEPEND | 

        ENT |      Freq.     Percent        Cum. 

------------+----------------------------------- 

          0 |     24,106       87.11       87.11 

          N |      3,568       12.89      100.00 

------------+----------------------------------- 

      Total |     27,674      100.00 

 

Violate 

 

   WILLFUL | 

   VIOLATOR |      Freq.     Percent        Cum. 

------------+----------------------------------- 

          0 |     27,673      100.00      100.00 

          N |          1        0.00      100.00 

------------+----------------------------------- 

      Total |     27,674      100.00 


