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Abstract  
The paper examines the effects of skilled immigration on US wages that are due to innovation. We 

extend the studies by Hunt & Gauthier-Loiselle (2010), and Hunt (2011) to explore the 

immigration-innovation-wages nexus. Using the National Survey of College Graduates (NSCG) and 

the US Census datasets we find a significant positive effect of immigration on wages that are 

attributable to immigrants‘ contribution to innovation. Our findings suggest that as the share of 

skilled immigrants increases in a particular group, the wages of both natives and immigrants in that 

group get a positive boost. The effects are more pronounced through immigrants‘ impact on patent 

granted and patent commercialized, compared with their impact on other measures of innovations. 

The results also show that the immigrants are more likely to present a paper at a conference or 

publish in professional journals, primarily because they are more educated or concentrated in the 

related occupation compared to the natives. Our findings indicate that immigrants make a 

substantial contribution to the host economy‘s innovation which is a major driver of productivity 

growth.  
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1. Introduction 

Does innovation boost wages?  What is the impact of immigration on innovation? In this 

paper we re-visit the immigration-innovation-wages nexus to empirically address these questions 

by extending the study by Hunt & Gauthier-Loiselle (2010) and Hunt (2011). Our interest is in 

examining the wage increments in the US that can be credited to immigrants‘ contributions to 

innovation. In other words, we provide estimates of the contribution to wage increases that can 

be attributed to immigrant-led innovation. Hunt & Gauthier-Loiselle (2010) examine how much 

immigration contributes to innovation. In a subsequent paper Hunt (2011) examines how skilled 

immigrants perform relative to natives in boosting U.S. productivity. Our research signifies a 

marked extension of the earlier studies which ignored the impact of immigrant-driven innovation 

on wages.  

 

Despite the existence of a sizeable body of empirical literature on the impact of 

immigration on wages, the results offer mixed evidence. One line of empirical work associated 

with Borjas and some of his collaborators (Aydemir & Borjas, 2007; G. J. Borjas, Grogger, & 

Hanson, 2008, 2009) implicitly suggest that native and immigrant workers are perfect 

substitutes. However, a set of recent empirical studies, reviewed by Card (2009), suggests that 

these two types of workers are far from perfect substitutes, even within the same skill group. 

This heterogeneity in skill levels is more pronounced at the aggregate level of the economy, 

something that makes it more realistic to assume imperfect substitutability between native and 

migrant workers at the economy level. On the other hand, studies that exploit geographic 

difference across local labour markets (Altonji & Card, 1991; Card, 2001; Pischke & Velling, 

1997) are criticized for ignoring the tendency of converging economic conditions across markets.  

 

Our empirical strategy relies on the premise that the skilled immigrants‘ contribution to 

increased wages is attributable to a productivity boost from the former‘s innovation and research. 

In contrast to the previous research which largely neglected the immigration-innovation-wages 

nexus, in this paper we provide estimate for wage increases to the natives which can be attributed 

to innovation by the skilled immigrants. We first estimate the likelihood of innovation using the 

share of immigration in a particular group—defined by their education, occupation, experience 

and workplace—as the exogenous driver of variation in innovation. We then estimate the effects 
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of innovation on wages, assuming that any effect of skilled immigrants on wages comes from 

their contribution to innovation and research capability. Our empirical strategy closely follows 

Hunt & Gauthier-Loiselle (2010). They show that the advantage of skilled immigrants lies 

entirely in the nature of their education, and not in any unobservables such as ability. Thus, after 

controlling for skilled immigrants‘ education and other observable characteristics, we expect the 

unobservables to have no effect on innovation capability, so not directly influencing natives‘ 

wages.  

 

We use two different datasets, the National Survey of College Graduates (NSCG) dataset 

and the Integrated Public Use Microdata Samples (IPUMS) from the original sources of the U.S. 

Decennial Census 2000. Our results show a significant positive effect of immigrants on wages 

that is channelled through innovation, which is measured by capability to have patents granted or 

commercialized. We find that a 1 percentage-point increase in the share of immigration leads to a 

0.2 to 0.3 per cent average increase in wages, and that the effect is much more pronounced in the 

sample of post-college graduates. Data also suggest that immigrants are more likely to publish a 

book or journal article or present a paper at a professional conference. However, these results 

might be due to the fact that immigrants are overrepresented in the fields of science and 

engineering. As such, it is plausible that immigrants working in these specialized areas do not 

have any advantage over their native counterparts. 

 

The rest of the paper is organized as follows. Section 2 discusses related studies on the 

impact of immigration on labour market outcomes. Section 3 outlines the empirical strategy 

adopted in this paper. Section 4 provides a detailed description of the sources of data. Section 5 

reports results; while section 6 draws conclusions based on the findings and identifies directions 

of future research.  

2. Literature Review  

Innovation, widely regarded as the driver of technological progress, belongs to the 

domain of the macroeconomic growth literature, especially in the context of the endogenous 

growth models (Aghion & Howitt, 1992; Grossman & Helpman, 1991; Howitt, 1999; Jones, 

1995b; Romer, 1990). The link between innovation and the number of scientists is also central to 



4 
 

the formulation of production function in these models. Jones (1995a) and Ha & Howitt (2007) 

have gone to great lengths to empirically examine the relationship. However, even though the 

share of skilled immigrants in labour markets has been increasing over the past few decades, 

their contribution to innovation and thus to technological progress has received little attention in 

the extant literature.  

 

One exception is Hunt & Gauthier-Loiselle (2010). They point out that immigrants, in 

addition to contributing directly to research, contribute indirectly to technological progress 

―through positive spillovers on fellow researchers, the achievement of critical mass in 

specialized research areas, and the provision of complementary skills such as management and 

entrepreneurship‖ (p.31). However, these positive spillovers can be offset by negative spillovers 

or crowding-out effects associated, for example, with increased competition for university 

admission and research funding. Borjas (2007) finds little evidence of a crowding-out effect of 

foreign students on a typical native student in graduate programs, but a strong negative 

correlation between increases in the enrolment of white native students and the enrolment of 

foreign students, especially at the most elite institutions.   

 

Most papers examining the effects of immigration on innovation is reassuring. Results 

from  Hunt & Gauthier-Loiselle (2010), Stephan & Levin (2001), Chellaraj, Maskus, & Mattoo 

(2008), Stuen, Mobarak, & Maskus (2012) show that skilled immigrants or doctoral immigrant 

students contribute significantly to innovation, as measured by different indicators including 

patenting, publication and citations in professional journals, election to science and engineering 

academies. Results from the state-level analysis by Hunt & Gauthier-Loiselle (2010) show that a 

1 percentage point increase in the share of immigrant college graduates in the population of a 

state during the 1990-2000 period increased patenting per capita in that state by 9-18 per cent. 

The result remains robust when using instrumental variable that accounts for possible 

endogeneity in immigrants‘ choice of destination state. Chellaraj, Maskus, & Mattoo (2008) 

incorporate skilled immigrants as a component of the ‗idea generation input‘ into the production 

function concept and find that an increase in the number of foreign graduate students could lead 

to increases in patent applications, university patent grants and non-university patent grants. 

Similarly, Stuen, Mobarak, & Maskus (2012) find that a 10 per cent decrease in the foreign share 
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of doctoral students reduces production of scientific publications and citations at US universities 

by around 5-6 per cent. Kerr & Lincoln (2010) examined the effect of fluctuations in H-1B visa 

entries. They find that total invention could be boosted by granting more H-1B visas with 

minimal, if any, negative effect on natives‘ science and engineering employment and/ or 

patenting.   

 

Peri (2007)
1
 found that the impact of foreign-born PhD degree holders on innovation rate 

is higher compared to those born in the US. However, this difference could be attributed to the 

disproportionate employment of immigrants in the R&D sectors or it could be due to the better 

quality of scientist and engineer immigrants. Hunt & Gauthier-Loiselle (2010), using individual-

level data from the National Survey of College Graduates (NSCG), find that a college graduate 

immigrant could contribute at least twice as much to patenting as their native counterpart. In a 

recent paper Hunt (2011) examines the performance of immigrants across different visa types. 

She found that college graduate immigrants who enter the USA on temporary work or student/ 

trainee visas do better than their native counterparts in patenting and wage earning; while the 

reverse is true for immigrants who enter as their dependents, or on other temporary visas.  

 

As an offshoot of research in labour economics, economists have extensively studied the 

effects of immigration on host country labour markets, particularly on natives‘ wages and 

employment. However, the measured effects vary widely, raising much controversy in research 

and policy discussions. Most studies that use a cross-area approach (Card, 2001; Card & 

DiNardo, 2000; Friedberg, 2001; Lewis, 2011) or ―natural experiments‖ such as political 

developments in sending countries (Card, 1990) find a small negative or insignificant effect of 

immigrants on wages. Card (2001) notes that a 10-percentage-point increase in the fraction of 

immigrants reduces native wages by no more than 1 percentage point. Studies that exploit 

geographic variation using correlation of immigration with changes in native outcomes across 

cities or regions find less sizable effects (Altonji & Card, 1991) or none at all (Pischke & 

Velling, 1997). Borjas (2003) criticizes this approach for ignoring ―the strong currents that tend 

to equalize economic conditions across cities and regions‖ (p.1336). Using national-level data, 

                                                           
1
 He used state panel data, but controlled for state and time fixed effects as well as R&D inputs. 
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some other studies found a large and negative impact of immigrants on the wages of less 

educated workers (G. Borjas, 2003). 

 

It is important to recognize that any increase in the fraction of immigrant population does 

not necessarily raise the supply of low-skilled labour, rather comes as a mixed bag of high and 

low skill. The larger the proportion of high skill, the more it is likely to trigger an immigration-

induced innovation and thus technological progress in the long run.  With the large-scale 

immigration in recent decades, a sizeable literature has emerged trying to measure these labour 

market outcomes in host nations. Extending the national approach of Borjas (2003), Ottaviano & 

Peri (2012) ―…identify a small but significant degree of imperfect substitutability between native 

and immigrant workers within the same education-experience group.‖ (p.155). The authors 

explain this result mostly in terms of imprecise estimates of the elasticity of substitution between 

workers with at most a high school degree vs. workers without a degree. The authors point out 

that Borjas‘ (2003) failure to account for capital adjustment in the short run might have caused 

such effect. So, they grouped workers into highly educated (at least some college education), and 

less educated (high school education). Ottaviano & Peri (2012) find that immigration during 

1990-2006 had a very small effect on wages of natives without a high school degree and a small 

positive effect on average native wages in the long run. 

 

Chellaraj, et al. (2008) argues that skilled immigrants could foster innovation, thereby 

contribute to future productivity gains and real wages of the natives. Peri (2012) finds that 

immigrants increase total factor productivity growth in the U.S.  However, Card (2001), Borjas 

(2003) and Ottaviano & Peri (2012) did not consider the impact of potential human capital 

embedded in skilled immigrants and their contribution to promoting innovation. It is important to 

identify the channels through which immigrants affect the local labour markets, particularly the 

natives. In this paper, we argue that innovation is the channel through which immigrants make 

contribution to the local economy. 

 

3. Empirical Strategy  

In line with the objective of the paper, our focus is on those immigrants and their native 

counterparts who are relatively educated, holding at least college degrees. We assume that, 
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conditioning on the observable covariates, the impact of skilled immigration on wages is entirely 

through their impact on innovation and research capacity. In order to take into account the 

potential spillover effects on fellow researchers, we group immigrants by education, occupation, 

experience, and region of workplace in the U.S. To estimate the effect of immigrants on 

innovation we run the following regression:   

ijklririlikijjklrijklr eStateExpOccEduXIMSInnovation  4321)Pr(       (1)   

The indices, jklr represent individuals with education j (j=1,…, 4), occupation k (k=1,.., 6), 

experience l (l=1, ..., 8), and area of workplace (the state of residence) r (r =1,.., 9). Innovation is 

a dummy variable intended to capture:  

(a) whether an individual was granted a patent;  

(b) whether patent was commercialized; and  

(c) whether an individual published a book or journal article or presented a paper at a 

conference.   

X is the demographic variable (age and age squared). IMS is share of immigrants, defined as: 

Mijklr/(Mijklr+Nijklr) where Mijklr provides the number of immigrants in cell (j, k, l, r) and N is the 

corresponding number  of natives (i is the index for individual). To compute the share of 

immigrants for purposes of our analysis, we take the share of immigrants in the population group 

of individuals with the same highest level of education, work experience, occupation group, and 

regions of work. Edu is a vector of indicator for the highest degree achieved, Occ is the indicator 

for occupation, Exp is a vector of dummy for years of experience, State is the workplace of the 

individual. In the regression, we also added interaction terms for each pair of education, 

occupation, experience and state to allow for the possibility of, for example, the experience 

profile for a particular labour market and whether it differs across schooling groups (interaction 

of education and experience)
2
. There are four groups of educational attainment: bachelor, master, 

doctorate and professional. Occupations are categorized into six major groups: computer and 

mathematical scientists, life and related scientists, physical and related scientists, social and 

related scientists, engineers, and other occupations. In defining work experience, we follow the 

effective work experience as in Borjas (2003) in measuring the years of work exposure that are 

valued in the US labour market. Thus, only individuals who have between 1 and 40 years of 

                                                           
2
 We ran regressions both with and without interaction terms and the results are similar, so we would only report results for 

regressions without interaction terms. 
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experience are included; and have been classified into one of the eight experience groups, each 

defined in terms of five-year intervals. 

The principal estimating equation of interest (the 2
nd

 stage) is specified as follows: 

ijklilikijiijklijkl ExpOccEduXPdtinnow   3210 *)log(                   (2)
 

Where log(wjklm) denotes the log of wages for those who have education j, occupation k, 

experience l. We use either wages for natives only or wages for both natives and immigrants in 

separate equations. jklPdtinno  is the predicted value of innovation for individual i, who belongs 

to education group j, occupation group k, experience group l. We follow the suggestion of 

Borjas, Freeman and Katz (1997) and estimate the wage regression at the national rather than 

geographic level. As in equation (1), we also try to capture the interactions between each pair of 

education, occupation, and experience
3
. Our primary interest is in the coefficient Г which we 

interpret as measuring the effect of innovation on wages that is attributable to immigration. In the 

actual estimation we run an OLS regression in both stages—using equation (1) as the first-stage, 

and use the predicted value of innovation from the first-stage to run equation (2). Standard errors 

are corrected to take into account the estimated value of innovation in equation (2). We cluster 

standard errors at the occupation, degree and workplace levels to allow arbitrary correlation 

among different workers. The regressions are weighted by the survey weight provided in the two 

data sets. We also experiment using probit in the first-stage. The results are reported in appendix 

Tables A1-A3
4
. Since the distributions of wages of natives and of immigrants are very similar we 

focus on the mean regression (see Figures 1 and 2). The distribution also does not differ across 

different groups, e.g., samples of college graduates, post-college graduates, and scientists and 

engineers. 

4. Data and Descriptive Statistics 

The data for the paper are taken from two sources: the 2003 US National Survey of 

College Graduates (NSCG) by the National Science Foundation; and the 2000 Integrated Public 

Use Microdata Series (IPUMS). The NSCG data comprises a random sample of 100,402 

respondents from the 2000 Decennial Census long form. The individuals surveyed were living in 

                                                           
3
 Again we would only report results for regressions without interaction terms since the results for regressions with interaction 

terms are similar. 
4 As we use a number of fixed effects and their interactions in our regression, probit estimates could not converge when we use 

interactions of various fixed effects. Therefore, appendix table reports results without the interactions. 
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the US during the reference week of October 1
st
, 2003, had a bachelor‘s degree or higher, and 

were under the age of 76. All respondents who had ever worked were asked whether they had 

applied for/ been granted/ had commercialized any US patent since October 1998. The sample 

thus does not include patents obtained by those without a college degree. Our second dataset 

consists of the 2000 IPUMS data set, a 5 per cent random sample of the US population. In both 

samples, we restrict our analysis to individuals who are currently living in the US, aged 65 years 

or younger (the youngest is 25), not enrolled in school and are participating in the labour force. 

Innovation measures include three dummy variables to identify whether during the last five years 

prior to the survey, 

a) the individual has had any patent granted;  

b) the individual has had any patent commercialized; and   

c) the individual published a book or journal article or presented a paper.  

This information relating to innovation is, however, not available in the IMPUMS data set.  For 

individuals in IPUMS dataset we compute innovation using coefficients from the regressions of 

innovation in the NSCG data set. It may be noted that the sample frame for the 2003 NSCG 

survey was drawn from the 2000 Census. 

 

Table 1 presents descriptive statistics for the innovation and wage variables computed 

from both the data sets. Following Hunt & Gauthier-Loiselle (2010) we consider three not 

mutually exclusive skill categories: those with at least a college degree; post-college graduates; 

and those working in the science and engineering sectors. Average annual and weekly wages 

show little differences between natives and immigrants in all samples. In both data sets, the share 

of immigrants in the population is higher in the scientist and engineer sample, compared to the 

sample of college graduates and sample of post-college graduates. In all three samples in the 

NSCG data set, immigrants appear to be more likely to innovate than their native counterparts, 

with immigrants‘ having a higher average chance of getting a patent granted and a patent 

commercialized. The gap in innovation probability is the largest in the post-college graduate 

sample while it is the smallest in the sample of scientists and engineers. Of the foreign-born post-

college graduates, 5.9 per cent have a patent granted – more than double the 2.2 per cent by their 

native counterparts. The gap is much smaller in the sample of scientists and engineers, with 8 per 

cent of immigrants having a patent granted, compared with the 5.9 per cent of the native 
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counterparts. Predicted innovation measures for the IPUMS sample show higher innovation 

probability of immigrants in all three categories. In terms of proportions, immigrants are more 

likely to have a paper published or presented at a conference/ seminar during the last five years 

prior to the survey (Table 1). The gap between immigrants and natives is the largest for post-

college graduates: 35.4 per cent among immigrants as opposed to 28.8 per cent among natives 

who have post-graduate degree and have been publishing or presenting a paper at a conference 

during the last 5 years prior to 2003. Incidentally, the predicted innovation variables for the 

census dataset are very close to and consistent with those observed in the NSCG dataset.   

 

5. Results  

 

We now report the estimated results obtained from regressions. The first stage estimates 

from equation (1) reported in Table 2, show the probability of innovation using samples of both 

natives and immigrants from the NSCG dataset. The estimates capture the effect of the share of 

immigrants on both the probability of having a patent (a) granted and (b) commercialized. The 

coefficients corresponding to the immigration share variable, IMS, are positive and significant in 

both the samples of college graduates and sample of post-college graduates. Consider the sample 

of college graduates for which the coefficient of immigration share is 0.0691 with a standard 

error of 0.0152 for the whole sample. We interpret this coefficient as the impact of the increase 

in labour supply due to immigration on innovation probability. The point estimates suggest that a 

1 percentage point increase in the influx of immigrants with at least a bachelor degree in a skill 

group is expected to increase the probability of patent granted for an individual in that group by 

0.069 percentage-points. For the post-college graduates, the corresponding increase in innovation 

would be 0.063 percentage-points (Table 2, column 2).   

 

We also report results separately for the sample of the native-born only using equation 

(1). We consider the probability of innovation for natives using the share of immigrants in each 

group by taking the highest education, occupation, experience and state of residence. The results, 

reported in row 3 (Table 2), suggest positive spillover effects of immigrants on natives‘ 

innovation capability.  The coefficients of the immigration share are, in general, smaller than 

those obtained from combined samples of immigrants and natives. This suggests that the effects 
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of immigrants on natives‘ innovation are smaller than those on the immigrants‘ own innovation 

probability.  However, the difference is too small to carry any statistical significance for the 

coefficients.  

 

Now we use the predicted innovation for each group, obtained from the first-stage, (i.e., 

regression from equation (1)) and use those to estimate equation (2). We find that the effects of 

innovation on individual annual and weekly wages are positive and significant for samples of 

college graduates and post-college graduates (Table 2). A college graduate with a 1 percentage 

point higher probability to have a patent granted is expected to experience wages increase by 

about 3-6 per cent. As a result, in the sample of all college graduates, a 1 percentage-point 

increase in the share of college graduate immigrants translates to about 0.3 per cent increase in 

both annual and weekly wage for individuals in that group (column 1). Put differently, a one 

standard deviation rise (a change of 0.0307 percentage-points) in (predicted) patent granted 

would result in 0.115 percent increase in wages. Similarly, in the sample of only post-college 

graduates, a 1 percentage-point increase in the share of immigrants in one group contributes 0.3 

per cent increase in annual wages. In this case, a one-standard deviation increase in patent 

granted would lead to 0.193 percent increase in wages (column 2).  

 

The results show that an increase in the share of immigrants raises the probability of 

having patent granted, but less so, and statistically insignificantly, for the sample of scientists 

and engineers. This could be explained, in part, by the fact that the sample of scientists and 

engineers is relatively smaller. However, this could also be due to the fact that the share of 

immigrants in the sample of scientists and engineers is higher than in the whole sample of 

college graduates. In addition, a majority of patents are owned by those working in the science 

and engineering sectors. This result is consistent with the findings of Hunt & Gauthier-Loiselle 

(2010). However, the results using the effect of predicted innovation on wages are positive for 

both samples, i.e., the natives only and the combined sample. This suggests that even though the 

effects of immigration on innovation is modest, perhaps, because of higher concentration of 

immigrants among scientists and engineers, any such effect translates into a positive impact on 

wages for both natives and immigrants. Ignoring the statistical significance of the first-stage, the 

coefficient in the wage regression suggests that a 1 per cent influx of immigrants in the fields of 
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science and engineering result in 0.05-0.06 per cent increase in wage of the natives. However, 

these results should be interpreted with caution as the first-stage coefficient is not statistically 

significant. 

 

We now report the results obtained from the 2000 census dataset. As noted, the census 

data do not have any information on patent granted or commercialized. So, applying the NSCG 

dataset to equation (1) we estimate the coefficients to predict the innovation probability for 

individuals from the census data. As can be seen in Table 1, we also find similar share of 

immigrants and native-born for the three sample groups. The predicted innovation derived from 

the census dataset is also very similar for all the three skill groups that we consider here. In the 

second stage, we find that the contribution of innovation capability, measured either by the 

probability of having a patent granted or commercialized, to wages is positive and highly 

significant in most cases. The contribution is, however, smaller in the sample of scientists and 

engineers compared to the whole sample and the sample of post-college graduates. This again 

demonstrates that part of the positive spillover effect from the immigrants is the result of their 

disproportionate concentration in science and engineering occupations. The effects of predicted 

innovation on wages are also higher in the sample of only native college graduates and native 

post-college graduates, compared to the sample of all college graduates and all post-college 

graduates, respectively. The reverse is also true when applied to the sample of scientists and 

engineers.  

 

Overall, the effects of innovation on wages that are attributable to immigration are also 

very similar when we apply the coefficients of predicted innovation from the NSCG sample to 

the IPUMS sample. For example, for the sample of post-college graduates, a 1 percentage-point 

increase in the share of immigrants is expected to increase weekly wages of the natives alone by 

0.10 per cent. The corresponding estimates from the NSCG sample show an increase of about 

0.07 per cent. Overall, we find that the coefficients of predicted innovation in IPUMS dataset are 

consistent with those obtained from the NSCG dataset in terms of both magnitudes and statistical 

significance. The estimated effects using IPUMS dataset are at times lower and occasionally 

higher than those found from the NSCG dataset. Visual inspection of the regression coefficients 

obtained from the two datasets suggests no significant difference. 
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Table 3 reports the results for patent commercialized. The results are very similar to those 

reported in Table 2. Column 1 of Table 2 indicates that a 1 percentage-point increase in 

immigrant share leads to a 0.029 and 0.033 percentage-point increase in the probability of patent 

commercialized among samples of college graduates and post-college graduates, respectively. 

This in turn raises wages by about 0.18-0.21 per cent for the NSCG sample and by about 0.11-

0.18 per cent for the IPUMS sample. The results indicate that a one standard deviation (0.0337) 

of patent commercialized increases the annual average wage by about 0.10 per cent. Comparing 

the results between the native-only sample and the whole sample, we find a slightly lower 

magnitude for the coefficients of immigration share in innovation for the native-only sample. 

However, the resulting effect of innovation on wages is larger. When using the native-only 

sample we get higher effects of innovation on wages that are attributable to the immigration 

share in a particular group defined by education, occupation and experience.    

 

We now consider the effects of immigration on professional work such as writing books 

or papers for publication or presentation at conference and their effect on wages. As reported in 

the descriptive statistics (Table 1) all three samples—college, post-college graduates and 

scientists and engineers—have higher likelihood to publish or present a paper in a conference. 

Table 4 reports results using the share of immigrants in a given education, occupation and 

experience group after controlling for other covariates. The results indicate insignificant or 

sometimes even negative effect of immigration share on publishing or presenting. In this case, it 

is difficult to interpret the coefficient of the effect of innovation on wages as the relevant 

coefficients are statistically not significant. In appendix Table A4, we report results using various 

controls. The table shows that increase in immigration share in one group is likely to increase 

publication when considered without any control (column 1). However, when we control for 

education, as in column (3), the positive effect disappears and coefficient becomes insignificant. 

In fact, for samples of scientists and engineers, we find that an increase in share of immigration 

in that group is likely to reduce the publication and presentation. The results remain qualitatively 

similar when we add controls such as occupation, experience and work place. Overall, the results 

are not surprising as the people who are publishing and presenting are more educated; and once 

we control for education, the positive effects of immigrants disappear. The conclusion is that 
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immigrants are publishing more because they are more educated and also dominate in the fields 

of science and engineering occupations.  

 

We also report results of reduced form coefficient estimates—the effects of immigration 

on wages. Table 5 displays the results of the effects of the immigration share on wages obtained 

from NSCG dataset under different control regimes. The results show substantial positive effects 

of immigration share in any skill group on wages for both natives as well as for the whole 

samples. Results from the IPUMS sample are reported in Table 6. The results in column (1) 

show that an increase in the share of immigrants among scientists and engineers does not 

increase the wages of natives when we do not control for any covariate. Thus, it may appear that 

scientists and engineers have no influence on natives‘ wages.  However, when we control for 

age, we find a large influence of their share in the wages of both natives and immigrants, or the 

natives alone. Immigrants with similar age can make large positive effects on wages of their 

counterpart natives. The results remain similar if we add education as control, but the magnitude 

reduces when controls for experience and occupation are added. The results for the college and 

post-college graduates are positive and statistically significant when we apply all controls.
5
 

Taken together, the results from both NSCG and IPUMS datasets suggest that, overall there is 

significant positive effect of immigration on wages of the native-born once we control for the 

full set of covariates. The skilled immigrants play critical role in innovation and thus are key to 

technological progress which is the main player in determining productivity, economic growth 

and thus wages. 

 

6. Alternative Estimates: Checking for Robustness 

Our estimates reported above rely on an important assumption that skilled immigrants do 

not directly affect wages other than through innovation in terms of patent granted, patent 

commercialized or publication in academic journal or presentation in professional conferences. 

This is basically the exclusion restriction assumed in the method instrumental variable estimation 

method. Unfortunately, such exclusion restriction is not testable. In our context, the exclusion 

                                                           
5
In general, there need not be any relationship between significance of the reduced form and the significance for 2SLS estimates. 

The standard IV/2SLS estimator, (z´x)-1 z´y, with dependent variable with regressor x, and instrument z, breaks down when z´x is 

near singular while it does not when z´y approaches zero.  For more details see Lochner & Moretti (2004)) 
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restriction implies that the coefficient to immigration share in the wage equation (e.g., equation 

(2)) is equal to zero. Note that the reduced form estimates we present in Tables 5-6 do not 

indicate any direct effects of immigration, because the effects of immigration on wages could run 

through innovation channels. We attempt to test the sensitivity of results using a recently 

developed method proposed by Conley, Hansen, & Rossi (2012). Instead of imposing the 

exclusion restriction, Conley, et al. (2012) proceeds with the assumption that the instrument 

satisfies the exclusion restriction approximately. That is, the instrument may have non-zero but 

very small effects in the structural equation. Under the approximate exclusion restriction, the 

instrument is ‗plausibly exogenous‘ in the terminology of Conley, et al. (2012). Under this 

weaker exogeneity condition, they show that one can estimate bounds on the causal effect of the 

endogenous variable. Their method provides tools to applied researchers who are working with 

less than perfectly valid instruments. We apply this method in our context to conduct inference 

while relaxing the exclusion restriction, assuming that the immigrant share can be correlated with 

the unobservables influencing the wage of natives.  

 

Using the local to zero approximation method developed by Conley, et al. (2012), we 

estimate the possible range for the effect of innovation on native wages (the coefficient of 

interest in the second-stage equation), based on a likely range for the values of  . As noted 

earlier, there is no consensus in the literature on the direct effect of change in immigration supply 

on native wages, which varies from a large adverse effect (G. Borjas, 2003) to a small positive 

effect (Ottaviano & Peri (2012)). According to Borjas (2003), a 6%-points increase (estimated by 

averaging the immigrant shares of all experience sub-groups in the college graduate group) in the 

share of immigrants in the male working population of college graduates during 1980-2000 led 

to a 0.049 decrease in the logarithm of wage of the natives in the same group. This implies a 

value of -0.8 for the parameter . Using this value as a benchmark, we calculated the following 

local-to-zero estimate for the effect of innovation on native wages in the group of college 

graduates in the NSCG data set. Overall our results remain the same regardless of the values for 

 in the neighbourhood of estimates obtained by Borjas (2013). Obviously, the coefficient 

estimates of the effects of innovation on wages changes for different values of , as expected. 

The results indicate that our point estimates support the values of   that lies between 0 and -0.8.   
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7. Conclusion 

In this paper, we examine the impact of innovation, measured by patents, as a possible 

channel through which immigrants could positively affect wage level in the host country. Using 

two data sets from the US, we find evidence of significant contribution of immigrants to 

innovation propensity, which appears to increase wages for both natives and immigrants. A 1 

percentage-point increase in the share of immigrants in each group of individuals with same 

education level, work experience, occupation, and work place, is expected to raise the probability 

of having a patent granted for the individual in that group by 0.069 percentage-point. This 

increase in innovation probability in turn contributes to increase in annual or weekly wage by 

about 0.2 to 0.3 per cent. In most cases, the overall impact of immigrants on wages is larger in 

the sample of post-college graduates only, compared with the whole sample of college graduates. 

The results are similar when we replace the probability of having a patent granted with the 

probability of having a patent commercialized. 

 

Our results also confirm the earlier findings on the immigration and innovation nexus, 

which showed positive impact of immigrants on innovation. The findings suggest that the 

outcome is due to the disproportionate concentration of immigrants in science and engineering 

occupations.  However, any possible positive effect on innovation in the sample of scientists and 

engineers is helpful for technological progress which translates into productivity boost, and thus 

to wage levels in the group and perhaps, to others as well.   

 

Besides the two innovation measures, we also examined the effects of immigration on 

wage through the likelihood of publication and conference presentation. However, we failed to 

find evidence in support of positive effect of immigrants on the probability to publish or present 

papers. There is a lack of clear relationship between this probability and wage determination. It 

may be noted that the probability of research and publishing does not materially alter the 

outcome in the labour market unless translated into real technological progress and thereby into 

productivity gain. Future direction of research might aim at identifying publication or research in 

particular areas and determine how they translate to specific innovation and lead to technological 

development. Such work may help establish a link. 
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Although the paper does not aim at finding direct links between innovation and economic 

growth, the positive relationships found among immigration, innovation, and wages implicitly 

suggest immigrants make important contributions to the host country‘s economic performance, 

given the generally established role of innovation to growth. Indeed, innovation is the logical 

prior to technological progress. Government policies aimed at addressing the immigration issue 

thus should give due consideration to the potential contribution, the immigrants make through 

innovation when comparing the costs and benefits of immigration into their respective countries. 

Also, additional measures to encourage positive spill-over effects from immigrants to natives‘ 

innovation propensity may boost the whole country‘s innovative capacity.  
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Table 1: Descriptive Statistics 

 College graduates Post-college graduates Scientists and engineers 

 Immigrant Native Immigrant Native Immigrant Native 

NSCG sample 

Immigrant share 11.28 percent   14.67 percent 19.42 percent 

No. of 

observations 

8,141 32,910 5,177 13,887 3,812 11,157 

Any patent 

granted 

0.0369   

(0.0021) 

0.0165   

(0.0008) 

0.0590   

(0.0034) 

0.0223   

(0.0013) 

0.0802   

(0.0049) 

0.0594   

(0.0028) 

Any patent 

commercialized 

0.0228   

(0.0017) 

0.0110   

(0.0006) 

0.0337   

(0.0025) 

0.0141   

(0.0011) 

0.0466   

(0.0036) 

0.0378   

(0.0023) 

Any publication 0.2240   

(0.0061) 

0.1779   

(0.0029) 

0.3537    

(0.0090) 

0.2883   

(0.0052) 

0.2884   

(0.0096) 

0.2325   

(0.0058) 

Log annual wage 11.0387   

(0.0136) 

11.0288   

(0.0065) 

11.2111   

(0.0154) 

11.1887   

(0.0100) 

11.2053   

(0.0115) 

11.1619   

(0.0086) 

Log weekly wage 7.1489   

(0.0142) 

7.1300   

(0.0065) 

7.3145   

(0.0159) 

7.3032   

(0.0100) 

7.3062   

(0.0156) 

7.2441   

(0.0089) 

IPUMS sample 

Immigrant share 12.61 percent 16.21 percent 20.88 percent 

No. of 

observations 

84,029 610,113 39,450 215,272 22,338 87,769 

Predicted patent 

granted 

0.0272   

(0.0002) 

0.0147   

(0.0000) 

0.0395   

(0.0003) 

0.0189   

(0.0001) 

0.0735   

(0.0005) 

0.0563   

(0.0002) 

Predicted patent 

commercialized 

0.0159   

(0.0001) 

0.0094   

(0.0000) 

0.0212   

(0.0002) 

0.0110   

(0.0001) 

0.0411   

(0.0003) 

0.0351   

(0.0001) 

Predicted 

publication 

0.2389   

(0.0008) 

0.1808   

(0.0002) 

0.3757   

(0.0013) 

0.3062   

(0.0004) 

0.3075   

(0.0018) 

0.2295   

(0.0006) 

Log annual wage 10.7874  

(0.0033) 

10.8747   

(0.0011) 

10.9533   

(0.0049) 

11.0423   

(0.0020) 

10.9375   

(0.0047) 

10.9628   

(0.0021) 

Log weekly wage 6.9332    

(0.0030) 

6.9858   

(0.0011) 

7.0938   

(0.0046) 

7.1582    

(0.0019) 

7.0739   

(0.0042) 

7.0525   

(0.0020)   
Notes: All statistics are weighted with survey weights and calculated in the sample according to the sample restrictions. Predicted 

probability of having a patent granted and probability of having a patent commercialized are fitted probabilities from the first-

stage regression, calculated in the IPUMS sample. 
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Table 2: IV Estimates of Effects of Patent granted on Wages (instrumented by Immigration 

Share)  

 college graduates post-college graduates scientists and engineers 

First stage – (using NSCG): Effects of Immigration on Innovation 

Whole Sample  N=41,051 N=19,064 N=14,969 

 0.0691***    

(0.0152) 

0.0625***    

 (0.0172) 

0.02185    

(0.0213) 

R
2
 0.0459 0.0715 0.0486 

Native-only N= 32,910 N= 13,887 N= 11,157 

 0.0621***    

 (0.0172) 

0.0476**    

(0.0198) 

0.0186    

(0.0265) 

R
2
 0.0377 0.0655 0.0436 

Second stage –(NSCG): Effects of (Predicted) Innovation on Wages 

Annual wage 3.7376*** 

(1.1838) 
 

4.3399*** 

(1.1107) 
 

2.7140*** 

(0.6382) 
 

R
2
 0.0801 0.1041 0.0582 

Weekly wage 4.0710*** 

(1.2480) 
 

4.2442*** 

(1.0540) 
 

2.9850*** 

(0.7041) 
 

R
2
 0.0756 0.0896 0.0517 

Annual wage – natives only 5.5644*** 

(1.8420) 
 

5.9564*** 

(1.9203) 
 

2.6686*** 

(0.7002) 
 

R
2
 0.0808 0.1109 0.0639 

Weekly wage – natives only 5.9702*** 

(1.9253) 
 

5.8479*** 

(1.7610) 
 

2.5942*** 

(0.7057) 
 

R
2
 0.0767 0.0962 0.0574 

Second stage –(IPUMS): Effects of (Predicted) Innovation on Wages 

No. of obs. (IPUMS) N=694,048 N=254,697 N=110,093 

Annual wage 1.9677***    

(0.5834) 

4.0959***    

(0.5390) 

2.0995***    

(0.1721) 

R
2
 0.0885 0.0639 0.1083 

Weekly wage 3.2983***    

(0.5276) 

4.8623***    

(0.5286) 

2.4927***    

(0.1969) 

R
2
 0.0854 0.0572 0.0977 

Annual wage – natives only 3.0181***   

 (0.6356) 

4.7487***    

(0.5274) 

1.8515***    

(0.1595) 

R
2
 0.0937 0.0706 0.1152 

Weekly wage – natives only 4.0561***   

(0.5615) 

5.3197***    

(0.5126) 

2.0455***    

(0.1631) 

R
2
 0.0905 0.0637 0.1076 

Note: All regressions include control variables of age, age2, and dummy variables for the highest education level, occupation 

group, work experience. The first-stage regression includes an additional dummy for nine working regions. All regressions are 

weighted. Robust standard errors clustered by education level, occupation group, and work experience are in parentheses, *** 

p<0.01, ** p<0.05, * p<0.1. 
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Table 3: IV Estimates of Effects of Patent Commercialized on Wages (instrumented by 

Immigration Share) 

 college graduates post-college graduates scientists and engineers 

First stage – (using NSCG): Effects of Immigration on Innovation 

Whole Sample  N=41,051 N=19,064 N=14,969 

 0.0291***   

 (0.0113) 

0.0328*   

 (0.0137) 

0.0223    

(0.0181) 

R
2
 0.0241 0.0350 0.0203 

Native-only N= 32,910 N= 13,887 N= 11,157 

 0.0227*    

(0.0138) 

0.0241*   

 (0.0149) 

0.0151   

 (0.0212) 

R
2
 0.0208 0.0323 0.0179 

Second stage –(NSCG): Effects of (Predicted) Innovation on Wages 

Annual wage 6.1273*** 

(1.9698) 
 

6.3455*** 

(1.9579) 
 

3.7142*** 

(1.0252) 
 

R
2
 0.0801 0.1040  0.0581 

Weekly wage 6.9316*** 

(2.1051) 
 

6.2441*** 

(1.8468) 
 

3.9756*** 

(1.0870) 
 

R
2
 0.0757 0.0896 0.0514 

Annual wage – natives only 8.7866*** 

(2.9712) 
 

8.3349*** 

(2.9977) 
 

3.7202*** 

(1.0308) 
 

R
2
 0.0806 0.1106 0.0641 

Weekly wage – natives only 9.7763*** 

(3.1253) 

8.3230*** 

(2.8021) 

3.5358*** 

(1.0330) 

R
2
 0.0765 0.0959 0.0574 

Second stage –(IPUMS): Effects of (Predicted) Innovation on Wages 

No. of obs. (IPUMS) N=694,048 N=254,697 N=110,093 

Annual wage 3.7258***   

 (0.7681) 

5.5803***   

 (0.7019) 

2.8940 ***   

(0.2447) 

R
2
 0.0886 0.0638 0.1082 

Weekly wage 5.4278***    

(0.7102) 

6.5486***    

(0.6962) 

3.3593***   

 (0.2798) 

R
2
 0.0855 0.0570 0.0973 

Annual wage – natives only 4.6559***   

 (0.8354) 

6.1044***    

(0.7095) 

2.6134***    

(0.2236) 

R
2
 0.0938 0.0704 0.1152 

Weekly wage – natives only 5.9428***   

 (0.7522) 

6.8488***     

(0.6975) 

2.7828***   

(0.2277) 

R
2
 0.0905 0.0635 0.1075 

Note: All regressions include control variables of age, age2, and dummy variables for highest education level, occupation group, 

working experience. The first-stage regression includes an additional dummy for nine working regions. All regressions are 

weighted. Robust standard errors clustered by education level, occupation group, and working experience are in parentheses, *** 

p<0.01, ** p<0.05, * p<0.1. 
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Table 4: IV Estimates of Effects of Academic Performance on Wages (instrumented by 

Immigration Share)  

 college graduates post-college graduates scientists and engineers 

First stage – (using NSCG): Effects of Immigration on Innovation 

 N=41,051 N=19,064 N=14,969 

Whole Sample  0.0196    

 (0.0388) 

-0.0198    

(0.0429) 

-0.0237    

(0.0472) 

 0.1316 0.1453 0.2061 

R
2
 N= 32,910 N= 13,887 N= 11,157 

Native-only 0.0580   

 (0.0465) 

0.0002    

(0.0574) 

-0.0028    

(0.0598) 

R
2
 0.1135 0.1259 0.1683 

Second stage –(NSCG): Effects of (Predicted) Innovation on Wages 

Annual wage 0.4416 

(0.5139) 
 

-0.8565* 

(0.4719) 
 

0.2588 

(0.3106) 
 

R
2
 0.0793 0.1019 0.0544 

Weekly wage 0.6119 

(0.5558) 
 

-1.1476** 

(0.5069) 
 

0.2311 

(0.3058) 
 

R
2
 0.0746 0.0878 0.0476 

Annual wage – natives only 1.2730* 

(0.6848) 
 

-0.1384 

(0.5818) 
 

0.4260 

(0.2918) 
 

R
2
 0.0796 0.1086 0.0610 

Weekly wage – natives only 1.4371* 

(0.7349) 
 

-0.4974 

(0.5387) 
 

0.4313 

(0.2914) 
 

R
2
 0.0753 0.0942 0.0548 

Second stage –(IPUMS): Effects of (Predicted) Innovation on Wages 

No. of obs. (IPUMS) N=694,048 N=254,697 N=110,093 

Annual wage -0.9292***    

(0.1575) 

-1.4544***    

(0.1780) 

-0.3434    

(0.1142) 

R
2
 0.0885 0.0630 0.1063 

Weekly wage -0.6422***     

(0.1499) 

-1.5667***    

(0.1897) 

-0.2243    

(0.0973) 

R
2
 0.0850 0.0556 0.0944 

Annual wage – natives only -0.6925***    

(0.1522) 

-1.4254***    

(0.1914) 

-0.3501    

(0.1096) 

R
2
 0.0935 0.0694 0.1137 

Weekly wage – natives only -0.4549***     

(0.1470) 

-1.5131***    

(0.2016) 

-0.2616    

(0.1045) 

R
2
 0.0898 0.0620 0.1055 

Note: All regressions include control variables of age, age2, and dummy variables for highest education level, occupation group, 

working experience. The first-stage regression includes an additional dummy for nine working regions. All regressions are 

weighted. Robust standard errors clustered by education level, occupation group, and working experience are in parentheses, *** 

p<0.01, ** p<0.05, * p<0.1. 
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Table 5: Reduced form Estimates of effects of Immigration on Wages: NSCG Sample 

 (1) (2) (3) (4) 

Dependent Variables no control + age ,  age
2
 +education + experience,  

occupation 

N=41,051 Sample of college graduates 

Annual wage 0.8322***    

(0.1060) 

0.8463***   

(0.0911) 

0.7776***    

(0.0859) 

0.4350***    

(0.0788) 

R
2
 0.0142 0.0348 0.0390 0.0815 

Weekly wage 0.8502***     

(0.1046) 

0.8754***    

(0.0912) 

0.8263***    

(0.0857) 

0.4256***   

(0.0813) 

R
2
 0.0148 0.0334 0.0366 0.0767 

Annual wage – natives only 0.9844***    

(0.1230) 

0.9869***    

(0.1137) 

0.9345***    

(0.1113) 

0.5967***   

(0.0999) 

R
2
 0.0149 0.0385 0.0423 0.0830 

Weekly wage – natives only 1.0143***    

(0.1196) 

1.0283***    

(0.1127) 

0.9909***    

(0.1098) 

0.5843***   

(0.1051) 

R
2
 0.0159 0.0371 0.0399 0.0785 

N=19,064 Sample of post-college graduates 

Annual wage 0.3274*    

(0.1892) 

0.3017**    

(0.1376) 

0.3296***    

(0.1223) 

0.3462***   

(0.0631) 

R
2
 0.0033 0.0342 0.0362 0.1035 

Weekly wage 0.3039*    

(0.1713) 

0.2976**    

(0.1203) 

0.3605***   

(0.1035) 

0.3196***   

(0.0651) 

R
2
 0.0028 0.0300 0.0318 0.0889 

Annual wage – natives only 0.4436**   

(0.2230) 

0.3773**    

(0.1700) 

0.4072**   

(0.1646) 

0.4464***   

(0.0748) 

R
2
 0.0043 0.0402 0.0419 0.1109 

Weekly wage – natives only 0.4236**   

(0.1983) 

0.3801***   

(0.1420) 

0.4364***   

(0.1394) 

0.4164***   

(0.0773) 

R
2
 0.0039 0.0358 0.0374 0.0960 

N=14,969 Sample of scientists and engineers 

Annual wage 0.3299***   

(0.0704) 

0.3949***    

(0.0502) 

0.4360***     

(0.0366) 

0.3495***   

(0.0594) 

R
2
 0.0119 0.0378 0.0566 0.0605 

Weekly wage 0.3592***   

(0.0679) 

0.4271***    

(0.0493) 

0.4657***   

(0.0378) 

0.3783***   

(0.0617) 

R
2
 0.0127 0.0347 0.0502 0.0540 

Annual wage – natives only 0.4394***   

(0.0848) 

0.5070***    

(0.0597) 

0.5356***    

(0.0466) 

0.4543***   

(0.0658) 

R
2
 0.0149 0.0469 0.0651 0.0693 

Weekly wage – natives only 0.4839***   

(0.0794) 

0.5517***   

(0.0570) 

0.5747***    

(0.0462) 

0.4711***   

(0.0667) 

R
2
 0.0169 0.0433 0.0588 0.0631 

All regressions are weighted. Robust standard errors clustered by education level, occupation group, and working experience are 

in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 
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Table 6: Reduced form Estimates of effects of Immigration on Wages: IPUMS Sample 

 (1) (2) (3) (4) 

Dependent Variables no control + age ,  age
2
 +education experience,  

occupation 

N=694,048 Sample of college graduates 

Annual wage 0.2995***   

(0.1367) 

0.8814***   

(0.0902) 

0.7712****    

(0.0878) 

0.3465***   

(0.0521) 

R
2
 0.0011 0.0657 0.0681 0.0891 

Weekly wage 0.3772***   

(0.1262) 

0.9403***   

(0.0886) 

0.8767***     

(0.0857) 

0.4541***   

(0.0490) 

R
2
 0.0019 0.0621 0.0640 0.0863 

Annual wage – natives only 0.4302***   

(0.1487) 

1.1298***   

(0.1013) 

1.0443***   

(0.1078)  

0.5673***   

(0.0636) 

R
2
 0.0017 0.0720 0.0735 0.0951 

Weekly wage – natives only 0.4632***   

(0.1424) 

1.1476***   

(0.1022) 

1.1057***   

(0.1072) 

0.6456***   

(0.0619) 

R
2
 0.0021 0.0683 0.0694 0.0922 

N=254,697 Sample of post-college graduates 

Annual wage -0.1592     

(0.1808) 

0.4226***   

(0.1328) 

0.4980***    

(0.1223) 

0.4957***   

(0.0914) 

R
2
 0.0005 0.0361 0.0383 0.0640 

Weekly wage -0.1308    

(0.1578) 

0.4123***   

(0.1265) 

0.5521***   

(0.1169) 

0.5703***   

(0.0863) 

R
2
 0.0003 0.0291 0.0319 0.0572 

Annual wage – natives only -0.0201    

(0.2317) 

0.6641***   

(0.1560) 

0.7833***   

(0.1595) 

0.7097***   

(0.0967) 

R
2
 0.0000 0.0384 0.0401 0.0714 

Weekly wage – natives only -0.0571     

(0.2056) 

0.5966***    

(0.1505) 

0.7806***   

(0.1538) 

0.7434***   

(0.0923) 

R
2
 0.0000 0.0314 0.0338 0.0644 

N=110,093 Sample of scientists and engineers 

Annual wage -0.0393    

(0.1237) 

0.3320***   

(0.0687) 

0.3664***    

(0.0480) 

0.2628***   

(0.0440) 

R
2
 0.0001 0.0891 0.1030 0.1080 

Weekly wage 0.0753    

(0.1047) 

0.4146***   

(0.0653) 

0.4432***   

(0.0422) 

0.3617***   

(0.0399) 

R
2
 0.0004 0.0802 0.0950 0.0982 

Annual wage – natives only 0.0330     

(0.1536) 

0.4860***   

(0.0538) 

0.4964***   

(0.0419) 

0.3215***   

(0.0386) 

R
2
 0.0001 0.1027 0.1129 0.1159 

Weekly wage – natives only 0.0777   

(0.1381) 

0.5015***   

(0.0515) 

0.5076***    

(0.0400) 

0.3662***   

(0.0348) 

R
2
 0.0003 0.0955 0.1060 0.1087 

All regressions are weighted. Robust standard errors clustered by education level, occupation group, and working experience are 

in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 
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Table 7: Sensitivity Estimates of IV Results using plausibly exogenous assumption 

 Effect of patent granted on native 

ln(weekly wage) 

Effect of patent commercialized on 

native ln(weekly wage) 

Our estimate (From table 2) 5.1777*** 

(1.1823) 

7.8278***    

(1.8234) 

 =-1 14.0606 20.1895 

 =-0.8 (Borjas) 12.0292 17.3758 

 =0 0.6975 0.9878 

 =0.1 0.1011 0.2553 

Note: The local-to-zero estimates are unweighted. All estimates are based on the specification without interactions 

between covariates. Confidence level is 99%.  
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Table A1: Effects of Patent Granted on Wages of Natives (Probit in First Stage) 

 college graduates post-college graduates scientists and 

engineers 

  

No. of obs. (NSCG) N=41,051 N=19,064 N=14,969 

First stage –immigrant share  0.0070* 

(0.0040) 

0.0077 

(0.0054) 

0.0114 

(0.0140) 

R
2
 0.1473 0.1865 0.0870 

Native-only 

No. of obs. (NSCG) 

N= 32,910 N= 13,887 N= 11,157 

First stage –immigrant share  0.0065 

(0.0050) 

0.0022 

(0.0056) 

0.0109 

(0.0178) 

R
2
 0.1357 0.1918 0.0795 

Second stage –NSCG    

Native annual wage 0.123*** 

(0.0262) 

0.138*** 

(0.0298) 

0.112*** 

(0.0290) 

R
2
 0.082 0.111 0.064 

Native weekly wage  0.138*** 

(0.0258) 

0.135*** 

(0.0301) 

0.103*** 

(0.0360) 

R
2
 0.078 0.097 0.057 

Second stage –IPUMS    

No. of obs. (IPUMS) N=694,048 N=254,697 N=110,093 

Native annual wage 0.1020*** 

(0.0096) 

0.147*** 

(0.0151) 

0.0876*** 

(0.0072) 

R
2
 0.095 0.072 0.115 

Native weekly wage  0.117*** 

(0.0088) 

0.158*** 

(0.0145) 

0.0957*** 

(0.0070) 

R
2
 0.092 0.065 0.108 

Note: All regressions include control variables of age, age2, and dummy variables for highest education level, occupation group, 

working experience. The first-stage probit includes an additional dummy for nine working regions. All regressions are weighted. 

Marginal effects are reported for the first-stage probit. Robust standard errors clustered by education level, occupation group, and 

working experience are in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 
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Table A2: Effects of Patent Commercialized on Wages of Natives (Probit in First Stage) 

 college graduates post-college graduates scientists and 

engineers 

  

No. of obs. (NSCG) N=41,051 N=19,064 N=14,969 

First stage –immigrant share  0.0007 

(0.0037) 

0.0041 

(0.0047) 

-0.0081 

(0.0475) 

R
2
 0.1174 0.1419 0.0577 

Native-only 

No. of obs. (NSCG) 

N= 32,910 N= 13,887 N= 11,157 

First stage –immigrant share  -0.0012 

(0.0046) 

-0.0007 

(0.0046) 

0.0054 

(0.0168) 

R
2
 0.1123 0.1471 0.0523 

Second stage –NSCG    

Native annual wage 0.0765*** 

(0.0221) 

0.1080*** 

(0.0262) 

0.1190 

(0.1120) 

R
2
 0.0810 0.1110 0.1090 

Native weekly wage  0.0889*** 

(0.0221) 

0.1070*** 

(0.0263) 

0.1020 

(0.1090) 

R
2
 0.0770 0.0960 0.0940 

Second stage –IPUMS    

No. of obs. (IPUMS) N=694,048 N=254,697 N=110,093 

Native annual wage 0.0677*** 

(0.0076) 

0.1150*** 

(0.0131) 

-0.0036 

(0.0683) 

R
2
 0.094 0.0710 0.069 

Native weekly wage  0.079*** 

(0.0072) 

0.125*** 

(0.0127) 

-0.0408 

(0.0655) 

R
2
 0.0910 0.0640 0.061 

Note: All regressions include control variables of age, age2, and dummy variables for highest education level, occupation group, 

working experience. The first-stage probit includes an additional dummy for nine working regions. All regressions are weighted. 

Marginal effects are reported for the first-stage probit. Robust standard errors clustered by education level, occupation group, and 

working experience are in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 
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Table A3: Effects of Academic Performance on Wages of Natives (Probit in First Stage) 

 college graduates post-college graduates scientists and 

engineers 

  

No. of obs. (NSCG) N=41,051 N=19,064 N=14,969 

First stage –immigrant share  0.0094 

(0.0313) 

-0.0081 

(0.0475) 

-0.0042 

(0.0462) 

R
2
 0.1123 0.1128 0.1689 

Native-only 

No. of obs. (NSCG) 

N= 32,910 N= 13,887 N= 11,157 

First stage –immigrant share  0.0419 

(0.0369) 

0.0122 

(0.0608) 

0.0178 

(0.0568) 

R
2
 0.0982 0.0977 0.1392 

Second stage –NSCG    

Native annual wage 0.1180* 

(0.0626) 

0.1190 

(0.1120) 

0.0320 

(0.0537) 

R
2
 0.080 0.1090 0.061 

Native weekly wage  0.1630** 

(0.0650) 

0.1020 

(0.1090) 

0.0455 

(0.0527) 

R
2
 0.076 0.0940 0.055 

Second stage –IPUMS    

No. of obs. (IPUMS) N=694,048 N=254,697 N=110,093 

Native annual wage 0.00095 

(0.0273) 

-0.0036 

(0.0683) 

-0.0504** 

(0.0232) 

R
2
 0.0930 0.0690 0.1140 

Native weekly wage  0.0264 

(0.0240) 

-0.0408 

(0.0655) 

-0.0369 

(0.0225) 

R
2
 0.0900 0.0610 0.1050 

Note: All regressions include control variables of age, age2, and dummy variables for highest education level, occupation group, 

working experience. The first-stage probit includes an additional dummy for nine working regions. All regressions are weighted. 

Marginal effects are reported for the first-stage probit. Robust standard errors clustered by education level, occupation group, and 

working experience are in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 
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Table A4: Effects of Academic Performance on Wages of Natives: using various controls 

 (1) (2) (3) (4) 

Dep Var.s/Indep. Var. no control +age, age2 +education + experience,  

occupation, 

working place 

N=41,051 Sample of college graduates 

Academic 

performance/immigrant 

share 

0.5934***   

(0.0949) 

0.6086***    

(0.0939) 

0.0299    

(0.0402) 

0.0196 

(0.0388) 

R
2
 0.0328 0.0341 0.1201 0.1316 

Annual wage/academic 

performance (2
nd

 stage in 

NSCG) 

1.4025***    

(0.1787) 

1.3906***    

(0.1497) 

21.2880***   

(2.2102) 

1.5019 

(3.5180) 

 0.0142 0.0348 0.0727 0.0855 

N=19,064 Sample of post-college graduates 

Academic 

performance/immigrant 

share 

0.4880***   

(0.1281) 

0.4832***   

(0.1254) 

-0.0190    

(0.0531) 

-0.0198    

(0.0429) 

R
2
 0.0248 0.0248 0.1299 0.1453 

Annual wage/academic 

performance (2
nd

 stage in 

NSCG) 

0.6710*    

(0.3878) 

0.6244***    

(0.2848) 

-27.418***    

(3.6638) 

-9.0420*    

(5.0982) 

R
2
 0.0033 0.0342 0.0975 0.1064 

N=14,969 Sample of scientists and engineers 

Academic 

performance/immigrant 

share 

0.3981***   

(0.1099) 

0.4124***   

(0.1052) 

-0.2177***    

(0.0550) 

-0.0237    

(0.0472) 

R
2
 0.0323 0.0339 0.1716 0.2061 

Annual wage/academic 

performance (2
nd

 stage in 

NSCG) 

0.8288***    

(0.1769) 

0.9575***   

(0.1217) 

-1.7926***    

(0.2743) 

-9.4791***   

(3.4740) 

R
2
 0.0119 0.0378 0.0382 0.0648 

All regressions are weighted. Robust standard errors clustered by education level, occupation group, and working experience are 

in parentheses, *** p< 0.01, ** p < 0.05, * p < 0.1. 
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Figure 1: Distribution of wages: NSCG Sample 
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Figure 1A-: Distribution of Wages: All
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Figure-1B: Distribution of Wages: College Graduates 

0
.2

.4
.6

.8
1

D
e

n
s
it
y

1 2 3 4 5 6
Log hourly wage

Immigrants

Natives

kernel = epanechnikov, bandwidth = 0.0674

Figure-1C: Distribution of Wages: Post-College Graduates 
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Figure-1D: Distribution of Wages: Scientists and Engineers 
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Figure 2: Distribution of wages: IPUMS Sample 
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Figure-2A: Distribution of Wages: All

0
.2

.4
.6

D
e

n
s
it
y

1 2 3 4 5 6
Log hourly wage

Immigrants

Natives

kernel = epanechnikov, bandwidth = 0.0612

Figure-2B: Distribution of Wages: College Graduates 
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Figure-2C: Distribution of Wages: Post-College Graduates 
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Figure-2D: Distribution of Wages: Scientists and Engineers 


