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ABSTRACT 

 

 Current evaluations of career technical education (CTE) programs seeking to assess labor 

outcomes for individuals are missing a generalizable model of program quality. Studies either 

focus on differences between CTE participants and those who do not participate or on specific, 

non-generalizable program effects. Using broad quality measures developed in a paper published 

by the Metropolitan Policy Center at Brookings as well as ACS and CPS survey data, this study 

seeks to assess whether the established program quality metrics used by Brookings hold for CTE 

programs and hold when applied to a broad population study. 
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INTRODUCTION 

 

 Many policy makers, on both sides of the aisle, have touted career technical education (CTE), 

often called vocational education, as the next wave of progress for future American workers. 

Politicians specifically point to postsecondary CTE as a method of improving labor force 

outcomes for individuals. Cross national examinations of CTE have shown that CTE programs 

do allow people who complete them to enter the workforce quickly and earn decent salaries. 

Policy makers focusing on building out and improving existing CTE programs, however, should 

examine the effects of program quality on labor force outcomes for participants. Studies on the 

quality of CTE programs within the United States have, so far, focused primarily on evaluations 

of specific programs and experimental or pseudo-experimental designs. The studies tend to mix 

qualitative assessments of the specific program quality inputs with quantitative evaluations of 

program efficacy on student outcomes. Such studies by their design, however, may not possess 

much external validity. 

 My study seeks to find an approach that can make generalizable claims on CTE quality inputs 

and labor force outcomes (earned income and labor force participation). To do this, data on 

educational institutions, institutional quality, individuals, and geography are merged in order to 

create a model that measures the effects of program quality for individuals participating 

specifically in CTE programs.  

Literature Review 

 Many scholars have worked to examine the link between CTE programs and improved job 

outcomes for participants. Much of this literature focuses on inputs affecting the quality of CTE 

programs and how quality CTE programs can impact job outcomes. Some illustrative examples 
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from the literature follow. Rojewski develops a conceptual model, outlining a number of the 

inputs to quality in CTE.a Hirschy, Bremer, and Castellano also develop a conceptual model, but 

theirs focuses on student effort and persistence in addition to institutional factors.b Cohen and 

Besharov, in a meta-analysis of the research, concluded that government programs can have 

positive effects on CTE.c This body of research helps to operationalize the inputs of CTE quality 

and to show that government intervention in CTE programs can have a positive impact on the 

quality of those programs. However, the studies of these inputs to CTE  

 There is also a wealth of quantitative literature on the efficacy of CTE programs, in general, 

in improving job outcomes for individuals. However, much of that research focuses narrowly on 

whether or not participation in CTE programs versus non-participation in CTE programs has a 

positive effect on job outcomes. Stevens, Kurlaender, and Grosz performed one such study 

which focused exclusively on California’s community colleges. The study focused on 

participation in CTE and in the type of degree earned through the institution. While it did find 

that there was a correlation between CTE participation and better labor outcomes,d the study did 

not link quality inputs to these better outcomes and only showed that participation and the 

attainment certain degrees correlated with the improvements. Another study by Hanushek, 

Woessmann, and Zhang examines the effects of CTE on a worldwide sample, looking at 

                                                 
a Rojewski, J. W. (2010). Preparing the workforce of tomorrow: A conceptual framework for career and technical 
education. Journal of Vocational Education Research, 27(1), 7–35. 
b Hirschy, a. S., Bremer, C. D., & Castellano, M. (2011). Career and Technical Education (CTE) Student Success in 
Community Colleges: A Conceptual Model. Community College Review, 39(3), 296–318. 
c Cohen, M., & Besharov, D. J. (2002). The Role of Career and Technical Education: Implications for the Federal 
Government. Washington, D.C. 
d Stevens, A. H., Kurlaender, M., & Grosz, M. (2015). Career Technical Education and Labor Market Outcomes: 
Evidence from California Community Colleges. National Bureau of Economic Research Working Paper Series, No. 
21137. 
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differences in outcomes for CTE participants among countries. They also find improved labor 

market outcomes for individuals who complete CTE programs,e but again only compare CTE 

participants to non-participants. Andersson, Holzer, Lane, Rosenblum, and Smith conducted a 

non-experimental, observational study on the effects of participation in the Workforce 

Investment Act and found that participation was correlated with better earnings and labor market 

participation.f However, they only focused on that specific program and did not create 

generalizable, operationalizable inputs to or indicators of program quality. 

 Much of the literature specifically linking school quality or CTE funding to better job 

outcomes for individuals relies on experimental or quasi-experimental methods and focuses 

narrowly on only certain CTE programs. Deardren, Ferri, and Meghir performed a study on 

school quality and its effects on wages which showed a positive correlation between the two.g 

However, this study did not focus specifically on CTE program quality. Hirschleifer, Mckenzie, 

Almeida, and Ridao-Cano performed a randomized control trial experiment on the labor 

outcomes of vocational training in Turkey, through their results did not show a very strong 

correlation.h Other authors, primarily studying developing countries, have studied the effects of 

CTE funding on labor outcomes, and authors working in the U.S. have studied specific job 

training programs for adults and their effects on labor outcomes. 

                                                 
e Hanushek, E. A., Woessmann, L., & Zhang, L. (2011). General Education, Vocational Education, and Labor-Market 
Outcomes Over the Life-Cycle. National Bureau of Economic Research, 1–51. 
f Andersson, F., Holzer, H. J., Lane, J. I., Rosenblum, D., & Smith, J. (2013). Does Federally-Funded Job Training 
Work? Nonexperimental Estimates of WIA Training Impacts Using Longitudinal Data on Workers and Firms (No. 
19446). Cambridge, MA. 
g Dearden, L., Ferri, J., & Meghir, C. (2002). The Effect Of School Quality On Educational Attainment And Wages. 
The Review of Economics and Statistics, 84(1), 1–20. 
h Hirshleifer, S., Mckenzie, D., Almeida, R., & Ridao-Cano, C. (2014). The Impact of Vocational Training for the 
Unemployed: Experimental Evidence from Turkey. The Economic Journal, (8059), 45. 
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 The biggest gap in the literature, though, is the lack of many wide-ranging studies that draw a 

program-agnostic correlation between CTE quality inputs and improved labor outcomes. By 

using the literature, such as the studies by Cameron and Heckmani or Urzua,j to help guide 

identifying populations that are likely to pursue CTE programs, this study will look at those 

populations within the context of a large dataset and see if the inputs to education quality hold 

for CTE programs using broad population data. This generalizable approach will be able to find 

whether or not quality measures of education in general apply to CTE programs and also whether 

quality measures of education are widely generalizable or are program specific. 

Data and Methodology 

Data Sources 

 Before delving into the methodology, we will go through a quick overview of the data used in 

the study. Educational institution data comes from the Integrated Postsecondeary Education Data 

System (IPEDS).k Education quality data is in the form of derived variables from Beyond 

College Rankings: A Value Added Approach to Assessing Two- and Four-Year Schools, a report 

published by the Metropolitan Policy Program at Brookings primarily using 2013 IPEDS data, 

supplemented with other sources.l Individual level data comes from two custom datasets: the 

                                                 
i Cameron, S. V., & Heckman, J. J. (1994). Determinants of Young Males’ Schooling and Training Choices. National 
Bureau of Economic Research, 201–232. 
j Urzua, S. (2008). Racial Labor Market Gaps: The Role of Abilities and Schooling Choices. Journal of Human 
Resources, 43(4), 919–971. 
k U.S. Department of Education. Institute of Education Sciences, National Center for Education Statistics. (2016). 
Integrated Postsecondary Education Data System [custom extract of financial and student characteristics of all 
schools in 2015]. Retrieved from: https://nces.ed.gov/ipeds/Home/UseTheData 
l Kulkarni, S. & Rothwell, J. (2015). Beyond College Rankings: A value-added approach to assessing two- and four-
year schools. The Metropolitan Policy Center at Brookings. Washington, D.C.: Brookings Institute.  
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Current Population Survey (CPS)m and the American Community Survey (ACS).n ACS data is 

the individual level data used in the final regression models on earned income and likelihood of 

pabor force participation. It comes from the 2015 respondents of the 2015 ACS 5-year estimate. 

Because the CPS data is used to create a likelihood of CTE enrollment estimator and we estimate 

a lag of two years (i.e. to complete a two-year associate’s vocational program) between 

enrollment and effects on earnings and labor force participation, we use 2013 CPS data. The 

reason we use two different surveys is explained below. Both ACS and CPS surveys are accessed 

through the Integrated Public Use Microdata Series (IPUMS). Data from the Bureau of Labor 

Statistics (BLS) on the unemployment rateo and data from the U.S. Census Bureau on median 

household incomep by county in 2015 are also used as controls. Appendix A contains a number 

of summary statistics and visualizations of the data. 

Approaching the Problem: Conceptual Model 

 This study merges a variety of different datasets to address the question because a single 

dataset containing all of the variables in question does not exist. The analytical approach is to 

create a likelihood estimator on whether or not an individual attended a CTE program and a 

quality estimator that captures the effects of institutional quality on a ranking of occupational 

earnings power. We also, for reasons explained below, create an indicator variable for our target 

population that helps more accurately assign CTE enrollment to an individual. A regression of 

                                                 
m Flood, S., King, M., Ruggles, S., & Warren, J. R. (2015). Integrated Public Use Microdata Series, Current Population 
Survey: Version 4.0 [ddi2-141072_cps_00003.dat-cps.ipums.org]. Minneapolis, MN: University of Minnesota. 
n Ruggles, S., Genadek, K., Goeken, R., Grover, J., & Sobek, M. (2015). Integrated Public Use Microdata Series: 
Version 6.0 [ddi2-143239_usa_00003.dat-usa.ipums.org]. Minneapolis, MN: University of Minnesota. 
o Bureau of Labor Statistics. (2016). Labor force data by county, 2015 averages [cross section]. Retrieved from: 
https://www.bls.gov/lau/tables.htm 
p U.S. Census Bureau. (2016). Small Area Income and Poverty Estimates [cross section; est15all.xlsx]. Retrieved 
from: https://www.census.gov/did/www/saipe/data/statecounty/data/2015.html  
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individual earnings on these estimators, their interaction, and other control variables is 

performed. Additionally, a probit regression of labor force participation on these same 

parameters is performed.  

 The development of these models, then, follows a three-step approach which will be 

illustrated here. 

Step 1 (identical for both the earned income and labor force participation models): 

𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝐶𝑇𝐸 𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ = 𝛽0̂ +  𝛽1̂𝑋1+ .   .   . + 𝛽�̂�𝑋𝑘 +  �̂� 

(Note: Likelihood of CTE Participation is predicted using CPS data) 

𝑉𝑎𝑙𝑢𝑒 𝐴𝑑𝑑𝑒𝑑 3 𝑌𝑒𝑎𝑟 𝐿𝑜𝑎𝑛 𝑅𝑒𝑝𝑎𝑦𝑚𝑒𝑛𝑡 𝑅𝑎𝑡𝑒̂ =  𝛽0̂ +  𝛽1̂𝑋1+ .   .   . + 𝛽�̂�𝑋𝑘 +  �̂� 

Step 2 (identical for both models): 

 Beta-hats from the likelihood of CTE participation model are multiplied by their 

corresponding variables in the ACS dataset (ACS variables denoted with M). 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝑇𝐸 𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛 = 𝐶𝑇𝐸 =  𝛽0̂ + 𝛽1̂𝑀1𝑖+ .   .   . + 𝛽�̂�𝑀𝑘𝑖 

 Similarly, we multiply the beta-hats from the value added 3 year loan repayment rate model 

by the corresponding variables that remain after the merge with the ACS dataset (i.e. we predict 

this with the full IPEDS universe used by Brookings and then multiply the betas by the values 

that remained in our merged data; merged data variables denoted with Q). 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒 𝐴𝑑𝑑𝑒𝑑 3 𝑌𝑒𝑎𝑟 𝐿𝑜𝑎𝑛 𝑅𝑒𝑝𝑎𝑦𝑚𝑒𝑛𝑡 𝑅𝑎𝑡𝑒 = 𝑅𝑅 =  𝛽0̂ +  𝛽1̂𝑄1𝑖+ .   .   . + 𝛽�̂�𝑄𝑘𝑖 

 Finally, an indicator variable for our target population is created using our ACS data: 

𝑇𝑎𝑟𝑔𝑒𝑡 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 = 𝑇𝑃 = 1 𝑖𝑓 22 ≤ 𝑎𝑔𝑒 ≤ 45 & 𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 𝑙𝑒𝑣𝑒𝑙

= 𝑎𝑠𝑠𝑜𝑐𝑖𝑎𝑡𝑒′𝑠 𝑑𝑒𝑔𝑟𝑒𝑒 & 𝑚𝑖𝑔𝑟𝑎𝑡𝑖𝑜𝑛 𝑠𝑡𝑎𝑡𝑢𝑠

= 𝑠𝑡𝑎𝑦𝑒𝑑 𝑖𝑛 𝑠𝑎𝑚𝑒 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑜𝑟 𝑠𝑎𝑚𝑒 𝑃𝑈𝑀𝐴 
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Step 3 (we will show both the earned income model labor force participation model): 

ln(𝐸𝑎𝑟𝑛𝑒𝑑 𝐼𝑛𝑐𝑜𝑚𝑒) = 𝛽0 + 𝛽1𝐶𝑇𝐸 +  𝛽2𝑅𝑅 +  𝛽3𝑇𝑃 +  𝛽4𝐶𝑇𝐸 ∗ 𝑅𝑅 + 𝛽5𝐶𝑇𝐸 ∗ 𝑇𝑃

+  𝛽6𝑅𝑅 ∗ 𝑇𝑃 +  𝛽7𝐶𝑇𝐸 ∗ 𝑅𝑅 ∗ 𝑇𝑃 +  𝛽8−𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙8−(𝑘−8) +  𝜖 

𝑃( 𝐿𝑎𝑏𝑜𝑟 𝐹𝑜𝑟𝑐𝑒 = 1) = 𝛽0 +  𝛽1𝐶𝑇𝐸 +  𝛽2𝑅𝑅 +  𝛽3𝑇𝑃 +  𝛽4𝐶𝑇𝐸 ∗ 𝑅𝑅 + 𝛽5𝐶𝑇𝐸 ∗ 𝑇𝑃

+  𝛽6𝑅𝑅 ∗ 𝑇𝑃 + 𝛽7𝐶𝑇𝐸 ∗ 𝑅𝑅 ∗ 𝑇𝑃 +  𝛽8−𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙8−(𝑘−8) +  𝜖 

The specific inputs for the likelihood of CTE participation and value added 3 year loan 

repayment rate predictors as well as the controls will be discussed in more detail below. 

Institution Level Data: Brookings Derived Variables from IPEDS 

 As mentioned, the data on education institutions is comprised of derived variables from the 

Brookings report, which uses IPEDS data. The report creates measures for value added school 

education outcomes. The authors define value added as the difference between an economic 

outcome predicted solely by individual characteristics and the actual economic outcome 

reported. In the study, the authors use seven measures of institutional quality. From IPEDS data, 

they use: mean faculty salary, retention rate, graduation rate in twice the normal time, and mean 

amount of student financial aid from the institution. From IPEDS and the Occupational Network 

Database they derive the percentage of graduates in STEM fields. From IPEDS and IPUMS they 

create curriculum value. Finally, from LinkedIN and Burning Glass they calculate alumni skills. 

The economic outcomes that the authors use fall into three categories: occupational earnings 

power, mid-career salary, and federal student loan repayment rate. Occupational earnings power 

is not used because it does not account for differences in occupation sets between vocational 

programs and non-vocational programs. That is, occupational earnings power simply aggregates 

the earning power of the occupations that graduates enter into without accounting for systematic 
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differences in this metric between program types. Mid-career salary is also not used because we 

want to measure the effects of program quality on earnings soon after a program is completed. 

This means that the economic outcome which will be used is the value added loan repayment 

rank. There are two measures of this variable, a precise and broad measure. The broad measure 

excludes LinkedIN data and teacher salaries in order to include more schools. This broad 

measure is, however, less precise, so the other loan repayment rate measure is used. 

 The loan repayment rate outcome is used instead of the occupational earnings power rank or 

the mid-career salary rank also because, according to the authors, it more closely captures the 

effects of schooling on early career salary. As our time lag seeks to capture the effects for 

individuals who had recently completed a CTE program, this measure is the most appropriate. 

This measure is vulnerable to distortion because it is not only affected by early-career salaries 

but also by federal loan burdens. Thus, a higher repayment rate may simply indicate that an 

institution is more generous with scholarships or private grants. Despite this, the authors found 

that the loan repayment rate has a correlation coefficient of 0.67 with median wages of recent 

graduates in Texas. Additionally, controlling for the percent of Pell grant recipients and the Pell 

aid per student can help mitigate some of the distortion.  

 The data are linked to individual level data from the ACS geographically. Each institution in 

the IPEDS universe and in the Brookings paper has zip code data available. This zip code data is 

used to link each institution to a zip code tabulation area (ZCTA), which is then used to link 

institutions to ACS census tracts. Because some zip codes contain multiple institutions, the data 

are collapsed by zip code and the mean of each variable across all institutions that share a zip 

code. 
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 This linkage to individual ACS data is one important driver for our study and, along with the 

focus on vocational education specifically, one of the factors that separates it from the Brookings 

study. The authors of this Brookings paper use salary information use economic outcome 

variables from sources where individuals need to opt-in. For example, their salary information 

comes from Pay Scale, where users enter their own salary information to get comparisons to 

others at their level and can look up salaries from other occupations. The people contributing 

information to such a website self-select and may differ from the general population in ways that 

affect their earned income such as career ambition, willingness to negotiate salary, or willingness 

to change jobs. The repayment rate value that we have chosen to examine is insulated from this, 

but it is still worthwhile to assess its actual use as an income predictor, given that the correlation 

between early career salary and loan repayment rate was only tested on individuals in Texas. 

Individual Level Data: CPS and ACS 

 Individual level data used in creating the likelihood of CTE participation estimator comes 

from the Current Population Survey. This is a monthly survey conducted by the Census Bureau 

that collects data from around 60,000 households in the United States. The survey collects basic 

demographic information, as well as employment and earnings information. The specific sample 

used is that of October 2013. October data is used because in this month an education 

supplement is administered, which contains data on enrollment in CTE programs. Unfortunately, 

CPS does not contain geographic information meaning that CPS data cannot be directly linked to 

institution data. 

 ACS data, on the other hand, does contain geographic information. Each individual 

observation is coded with a Public Use Microdata Area (PUMA) value, allowing us to (with 
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crosswalks)qrs link each individual with a zip code and then to a ZCTA. This is why we use it in 

our final model. The American Community Survey is conducted by the United States Census 

Bureau. The survey is conducted annually and samples around 3.5 million housing units. The 

specific dataset used in this study is the subset of 2015 respondents in the 2015 five-year 

estimate. This subset is further pared down using geographic data, excluding individuals who do 

not live in the zip codes that contain schools in the IPEDS universe.  Focusing only on these 

cases allows us to link individual cases to schools. Additionally, we merge in county level 

median household income and unemployment rates from the BLS for use as controls in the final 

model to make sure that we are not simply measuring the effects of affluence in a local 

community on employment outcomes for individuals.  

Creating Predictor Variables: Institution Quality Effects on Value Added Repayment Ranking 

 A predictor variable is created from the Brookings data in order to predict our institutional 

quality measure: the value added repayment rate rank. A regression of the value added 

repayment rate rank on curriculum value, percentage of STEM awards, mean amount of 

institutional student aid, graduation rate – two-hundred percent, retention rate from 2009, Pell aid 

per student, percent of students receiving Pell aid, and imputed standardized test scores is 

performed. Alumni skills and average instructor salary are not used here because they result in a 

very large number of missing values in the data. Missing data is still a problem with this model 

(there are 942 schools in the dataset with information on all of these variables versus the 5559 

                                                 
q United States Census Bureau. (2012). 2010 Census Tract to 2010 PUMA Relationship File. Retrieved from: 
https://www.census.gov/geo/maps-data/data/centract_rel.html 
r United States Census Bureau. (unknown year). 2010 ZCTA to Census Tract Relationship File. Retrieved from: 
https://www.census.gov/geo/maps-data/data/zcta_rel_download.html 
s UDS Mapper. (2016). Zip Code to ZCTA Crosswalk. Retrieved from: https://www.udsmapper.org/zcta-
crosswalk.cfm 
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schools in the IPEDS universe). This missing data problem is largely driven by the dependent 

variable, however, and because of that, the translation of this missing data to missing individual 

data picked up in the ACS set is far less severe. Table 2 shows the estimated model. 
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Table 1: Education Quality Predictor Model 

 (1) 

VARIABLES Value Added Repayment Rate 

Rank 

  

Curriculum Value 0.000855*** 

 (0.000281) 

Percentage of STEM Degrees Awarded 3.633 

 (8.071) 

Average Institutional Financial Aid -0.000260 

 (0.000261) 

Graduation Rate – Twice as Long 0.227*** 

 (0.0722) 

2009 Retention Rate 0.591*** 

 (0.0884) 

Pell Aid per Student -0.00907** 

 (0.00389) 

Percentage of Students Receiving Pell Aid 0.140 

 (0.178) 

Imputed Standardized Test Score -2.728 

 (2.318) 

Constant -30.08** 

 (14.27) 

  

Observations 942 

R-squared 0.198 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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 This model is highly significant, with a p-value of the f-statistic of 0.0000. It also has a 

relatively high adjusted R-squared, with a value of 0.1907 (rounded to 0.2 in the above table). 

Not all of the variables that estimate the repayment rate are significant, but they all have p-values 

less than 0.9, so all of them are included in the predictor variable we use in the earnings and 

labor force participation models. In order to apply these results. we take the coefficients obtained 

in this model and multiply the corresponding variable by the obtained coefficient, then add all of 

the resulting terms together. 

 Because the effects and measures of education quality are central to our question, we will 

examine the results we obtained here briefly. The value added repay rate rank takes values from 

0 to 100 – 100 being the best rank. This means that we can easily interpret our results as negative 

values correspond to lower repayment rates. The only significant coefficients are curriculum 

value, graduation rate – twice normal length, 2009 retention rate (all three significant at the 1% 

level), and Pell aid per student (significant at the 5% level). Curriculum value, 2009 retention 

rate, and Pell aid per student are in the expected directions and are relatively straightforward 

indicators of school quality and, in the cases of curriculum value and Pell aid, earning power 

after graduation.  

 Curriculum value seems non-substantial, but because it is measure in dollars and has a very 

large range, it has the potential to substantively impact repayment rate – with a one-dollar 

increase corresponding to a 0.001 increase in the repayment rate ranking. This is natural as the 

curriculum value is calculated, in part, through the earnings of graduates. Pell aid per student has 

a negative effect on value added repayment rate rank. It is also measured in dollars, with a large 

range. This means that it has a substantial effect on the repayment rate ranking. It makes sense 
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that this coefficient is negative, as Pell grants are awarded based on need. This means they could 

act as a proxy for student poverty, and poverty is typically correlated with lower future earnings. 

The 2009 retention rate also has a substantial effect. It ranges from 0 to 100, and a one-unit 

increase in 2009 retention rate corresponds to a 0.591 increase in value added repayment rate 

rank. This also makes sense as retention rate is a fairly straightforward indicator of school 

quality; better schools keep more of their students. 

 Graduation rate – twice normal length has the most interesting coefficient. It is the percentage 

of full-time enrollees who graduate in twice the time it normally takes to complete the program 

of study. The data show that as this rate increases (it ranges from 0 to 100) the value added 

repayment rate rank increases by 0.227. Normally one would think of a higher rate of students 

taking twice as long to graduate as a negative indicator of program quality. It could, however, be 

that more students choose to do this at institutions that cost less or are more generous with 

scholarships and grants. It could also be that students who take twice as long to complete their 

programs change the focus of their studies often, which could mean that they eventually end up 

focusing on a lucrative subject, or at least a subject they care more about – which raises their 

earning potential. The difficulty in qualitatively analyzing this variable stems from the 

distortionary effects of the different ways in which the repayment rate can be changed.  

 As for the non-significant coefficients – percentage of STEM awards is in the expected 

positive direction and is large in magnitude. The average amount of institutional financial aid 

appears to have almost no effect on the value added repayment rate rank. The percentage of 

students receiving Pell aid and imputed standardized test score coefficients are not in the 

expected directions. 
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Creating Predictor Variables: Likelihood of CTE Enrollment 

 CPS data are used to predict the likelihood of enrolling in a CTE program. Variables were 

chosen both for their relationship to CTE enrollment and their availability in both the CPS and 

ACS datasets. This second criteria somewhat limited the choice of variables used in the 

predictor. The variables included in the model are: age of youngest child, sex, race, citizenship 

status, hearing disability, eyesight disability, cognitive disability, ambulatory/physical disability, 

and country of birth. Age and migration are not used in the likelihood prediction because of the 

time lag between this data and the ACS data, but they are controlled for in the final model. 

 The likelihood estimator is a logit model of participation in vocational education on the above 

individual demographic variables. The race categorical variable uses white as the reference 

group. The birthplace variable uses the United States as the reference group. Finally, the 

Hispanic variable uses non-Hispanic as the reference group. The coefficients produced by this 

logit model are then used to create an estimator variable in the final model using ACS data. 

Coefficients for the reference categories are calculated using the equation: 

log (
𝑝

1 − 𝑝
) =  𝛽0 

A likelihood of CTE enrollment variable is created by multiplying the coefficient from this 

model with its corresponding variable in the ACS dataset and then adding all of these variables 

together. Coefficients are included in the estimator variable if they have a p value less than 0.9. 

 The model is statistically significant, p value on the chi-squared statistic of 0.0000. The 

pseudo R-squared is not very high, though, at 0.012. Many of the individual variables, however, 

are both substantive and significant, specifically some of the race categories, hearing difficulty, 

mobility difficulty, some of the birthplace categories, and some of the Hispanic categories. The 
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full table with of coefficients can be found below in Appendix A. These results are not 

interpreted here because they are not central to the research question. 

Results and Analysis 

Earned Income Model 

  Traditional Mincer models used to examine earnings use the log of earnings as the dependent 

variable. This is preserved in our model here. The two main inputs in a Mincer equation are 

years of education and job experience.t In our model, we focus on the quality rather than the 

level of education. Also, because of the data we are using, we do not have information on the 

work experience of individuals. However, because we have constructed our model to capture 

effects on individuals just out of a two-year CTE program, we can surmise that experience in the 

current field of employment is low for people who were enrolled in a CTE program in 2013 (our 

predictor variable). 

 Within the model, we include our CTE likelihood predictor (CTE Participation Likelihood) 

and the predicted value added repayment rate rank (Value Added Repayment Rate Rank). Also, 

because the pseudo R-squared of our CTE likelihood predictor model was low, we create an 

indicator variable for our target population using the ACS data (ACS Target Population). This 

variable is coded as 1 if all the following hold true: the respondent’s age is between 22 and 45 

years old, he or she had not migrated outside of his or her census tract area in the previous year, 

and his or her educational attainment level is associate’s degree. We want to capture associate’s 

degrees because these are the most common degrees awarded for vocational subjects. Our 

                                                 
t Heckman, J., Lochner, L., & Todd, P. (2005). Earnings Functions, Rates of Return, and Treatment Effects: The 
Mincer Equation and Beyond. NBER Working Paper Series. Cambridge, MA: National Bureau of Economic Research. 
p. 9-20. 
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migration selection is chosen because we assume that people who have not moved but who have 

obtained an associate’s degree have obtained the degree from a school in the same zip code. 

Finally, our age range ensures that we capture most individuals who have obtained a vocational 

degree; about 80% of CTE participants are above the age of 20u. Since our education data is from 

2013, we want to look at people who are over 22 in our 2015 ACS data.  

 In the full model we also control for median household income in 2015 by county, mean 

unemployment rate in 2015 by county, and English language proficiency. Standard errors are 

clustered by state. The resulting full model is highly significant, with a p-value of the f-statistic 

near 0.0000. Our R-squared is somewhat low at 0.009, but given the size and variation of our 

sample, this is not a very large concern. The results are shown in the following table. 

 

 

 

 

 

 

 

 

 

 

 

                                                 
u U.S. Department of Education, Office of the Under Secretary, Policy and Program Studies Service. (2004). 
National Assessment of Vocational Education: Final Report to Congress, Washington, D.C. p. 122 – 138. 
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Table 2: Logged Earned Income Models 

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

VARIABLES Model 1 Model 2 Model 3 Full Model 

     

Value Added Repayment Rate Rank -0.00200 -0.00335* -0.00208 -0.00205 

 (0.00122) (0.00172) (0.00127) (0.00146) 

CTE Participation Likelihood  0.0105  -0.122* 

  (0.0832)  (0.0687) 

Repayment Rate*CTE Likelohood  -0.00105  -0.000531 

  (0.000818)  (0.000647) 

Target Population   -0.0418 0.412 

   (0.122) (0.270) 

Repayment Rate*Target Population   0.00207 -0.00160 

   (0.00133) (0.00274) 

CTE Likelihood*Target Population    0.370* 

    (0.198) 

Rep. Rate*CTE Lik.*Target Pop.    -0.00292 

    (0.00197) 

Median Household Income    2.77e-06 

    (2.04e-06) 

Unemployment Rate    -0.0155 

    (0.0224) 

Speaks Only English    0.666*** 

    (0.0356) 

Speaks English, Very Well    0.647*** 

    (0.0315) 

Speaks English, Well    0.514*** 

    (0.0242) 

Speaks English, Not Well    0.212*** 

    (0.0134) 

Constant 10.32*** 10.34*** 10.32*** 9.391*** 

 (0.115) (0.159) (0.119) (0.289) 

     

Observations 835,219 835,219 835,219 834,998 

R-squared 0.000 0.001 0.001 0.010 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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 We’ve run four models on logged earned income. The first model is a simple bivariate 

regression of logged income on predicted value added repayment rate. The results are not 

significant, which is expected as there are many other factors beyond the value added repayment 

rate that can affect earned income. The second model begins to incorporate some of those 

factors, specifically the factors impacting the likelihood of being a CTE enrollee, using the data 

from the CPS. The predicted value added repayment rate rank is marginally significant in this 

model (at the 10% level), but it is not in the expected direction, nor is it substantive. On its face, 

this is telling us that, holding the predicted likelihood of participating in CTE constant, we 

expect that predicted value added repayment rate rank is correlated with an earned income that is 

about a third of a percent lower. This result, however, is not very substantive, and we still have 

not controlled for median income and the unemployment rate. In the third model, we introduce 

our target population variable. This model fails to produce any significant results, however.  

 Finally, we add in and interact all of our variables of interest, and we add variables to control 

for economic factors and English language proficiency. Among the variables of interest, the only 

ones that are significant in this model are predicted CTE participation likelihood and the 

interaction between that and our target population indicator. An f-test on the variables of interest 

does, however, tell us that they are not jointly equal to zero. Of the significant variables, both are 

only marginally significant at the 10% level. Our predicted CTE participation likelihood 

coefficient is negative and indicates that a one-unit increase in predicted CTE participation 

likelihood corresponds with an earned income that is 12.2% lower. The interaction variable, 

however, is positive, indicating that for members of our target population, the a one unit increase 

in predicted likelihood of CTE participation correlates with a 37% higher wage. This could 
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indicate that factors increasing the likelihood of participating in a CTE program only positively 

affect income if one is able to actually attain an associate’s degree.  

 While none of the variables that contain the predicted repayment rate ranking are significant, 

it is interesting to note that across all the models, the repayment rate itself was negative and that 

in this model all the variables which include that measure are negative. Given its general 

insignificance and the fact that it always takes an unexpected direction, we can conclude that in a 

generalized dataset, using earnings data obtained through a random sampling of individuals, the 

value added repayment rate rank is not the best proxy for early-career salary, especially so for 

individuals pursuing a degree from a vocational program. 

Labor Force Participation Model 

 As mentioned, we also conducted a probit regression to assess the effects of school quality on 

labor force participation. The same variables used for the earned income model are used here. 

We take the same approach with the probit analysis, building up our model by examining the 

effects of the different interactors on the base bivariate model. The results are shown below in 

table 3. 
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Table 3: Labor Force Participation Full Model 

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

VARIABLES Model 1 Model 2 Model 3 Full Model 

     

Value Added Repayment Rate Rank -0.000883 0.000159 -0.000950 0.000574 

 (0.00117) (0.00134) (0.00119) (0.00151) 

CTE Participation Likelihood  0.340**  0.341** 

  (0.146)  (0.140) 

Repayment Rate*CTE Likelihood  0.000760  0.000719 

  (0.00135)  (0.00129) 

ACS Target Population   0.309*** -0.221 

   (0.112) (0.322) 

Repay Rate*Target Population   0.00218* 0.00808** 

   (0.00112) (0.00322) 

CTE Likelihood*Target Population    -0.397* 

    (0.216) 

Rep. Rate*CTE Lik.*Target Pop.    0.00456** 

    (0.00208) 

Median Household Income    1.10e-06 

    (7.98e-07) 

Unemployment Rate    -0.0301** 

    (0.0119) 

Speaks Only English    0.164*** 

    (0.0278) 

Speaks English, Very Well    0.138*** 

    (0.0286) 

Speaks English, Well    0.243*** 

    (0.0280) 

Speaks English, Not Well    0.192*** 

    (0.0190) 

Constant 0.683*** 1.131*** 0.676*** 1.007*** 

 (0.105) (0.157) (0.107) (0.152) 

     

Observations 1,128,224 1,128,224 1,128,224 1,127,930 

Pseudo R-squared 0.000 0.012 0.003 0.016 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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 As with our earned income model, the results of the bivariate regression are not significant. 

When we add our CTE likelihood variable and interaction, however, we find that the predicted 

likelihood is significant at the 5% level. This means that as the predicted likelihood of CTE 

enrollment increases by one unit, the probability of participating in the labor force increases, and 

this effect is quite substantial. Both the predicted value added repayment rate rank and the 

interaction terms are also positive which is the direction we would expect if the predicted value 

added rank has a positive effect on the probability of participating the labor force and if it has a 

positive differential effect linked to increasing predicted likelihood of CTE enrollment. In model 

3, we include our target population indicator and its interaction with predicted value added 

repayment rate rank. Both the target population indicator and the interaction are statistically 

significant (at the 1% and 10% levels, respectively). The coefficient on our target population 

variable is quite substantial and tells us that being part of the target group is associated with an 

increased probability of participating in the labor force. The interaction is less substantial and 

tells us that each unit increase in the predicted value added repayment rate rank provides greater 

increases in the probability of entering the labor force for members of the target population.  

 In the full model, the variables of interest that are significant are: predicted CTE participation 

likelihood, the predicted repayment rate rank interacted with CTE likelihood, the repayment rate 

interacted with target population, and the interaction of all three variables. All of these are 

significant at the 5% level, except the interaction of repayment rate and target population, which 

is significant at the 10% level. Our triple interaction is positive, which means that increases in 

the predicted value added repayment rate have a positive differential effect on people in our 

target population who are more likely to be CTE participants. Furthermore, we see that predicted 
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CTE participation likelihood is also associated with a higher probability of entering the labor 

force and that repayment rate rank has a positive differential effect for individuals in the target 

population. However, these results are complicated by the negative interaction between our 

target population indicator and the predicted likelihood of CTE enrollment. In fact, this negative 

coefficient outweighs all of the positive coefficients associated with predicted likelihood of CTE 

enrollment. As target population captures associate’s degree holders without differentiating 

between academic and vocational degrees, this result could indicate that while CTE enrollment is 

associated positively with labor force participation, on its own, among associate’s degree 

holders, being more likely to pursue a vocational associate’s degree rather than an academic 

associate’s degree corresponds with a reduction in the likelihood of labor force participation.  

Discussion of Results and Conclusion 

 Broadly speaking, we saw that predicted value added repayment rate ranking was not a strong 

measure of a school’s ability to increase earned income, especially for individuals holding 

associate’s degrees who are likely to have participated in CTE programs. The fact that it was not 

a strong correlate, even on its own, uninteracted, could indicate that a better proxy is necessary 

for examining the effect of school quality inputs on income. However, since, according to the 

paper, this proxy is meant to simulate early career earnings, it could be that the actual effects of 

the predicted measure on earnings were drowned out by mid and late career earnings effects, so 

we cannot conclude definitively that this is a poor proxy in general. The lack of satisfying, 

significant results on the interaction terms cannot be explained away with this, though, especially 

given that we constructed them to find individuals who had just completed a CTE program and 

would therefore be likely to be entering a new career/field and should exhibit early careers 
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income effect. The failure to observe significant results given the interactions could indicate that 

the school quality measures that influence the value added loan repayment rate do not actually 

measure the quality of vocational programs specifically and that new measures are needed – as 

well as a new proxy for early careers salary are needed. 

 This proxy does, however, seem to work well for predicting the likelihood of labor force 

participation. Across all of our models where the value added repayment rate rank was 

significant, it was in the expected direction. This makes sense because, while mid and late career 

salary variation may wash out the early career salary effects associated with repayment rate, 

those effects will have less of an impact on our ability to assess labor force participation, 

especially for our target population. We did find, however, that there may be a difference 

between academic associate’s degree holders and CTE associate’s degree holders. This 

difference indicates that, again, the quality measures that predict value added repayment rate 

may not be the best quality measures to assess vocational programs. 

 If career technical education is to be the next great driver of economic advancement for 

Americans, we should develop reliable measures of program quality in order to help individuals 

make the best choices on how to invest for their futures. What is clear from these models is that 

the quality inputs that correlate with better labor outcomes for academic programs are different 

than those of vocational programs. More studies are needed in order to assess what those quality 

inputs are and how best to leverage them to improve labor for outcomes for CTE participants.  
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Appendix A: Summary Statistics and Figures 

Table A1: ACS Individual Statistics by State of Residence 

FIPS 

Code 

State Name Number of 

Observations 

Mean 

Age 

Proportion 

of Females 

to Males 

Mean 

Individual 

Earned 

Income 

Proportion 

Labor Force 

Participation 

01 Alabama 337 40.06 0.46 $35027.44 0.64 

02  Alaska 101 40.35 0.57 $24777.18 0.70 

04  Arizona 48486 39.95 0.51 $36118.62 0.73 

05  Arkansas 154 41.02 0.51 $28265.31 0.64 

06  California 206164 39.93 0.50 $32626.82 0.71 

08  Colorado 9803 39.52 0.51 $39896.48 0.76 

09  Connecticut 21816 41.23 0.51 $35695.52 0.76 

10  Delaware 68 35.70 0.63 $27390.85 0.78 

11  District of 

Columbia 

66 34.14 0.36 $26540.94 0.76 

12  Florida 96701 40.56 0.52 $37465.53 0.74 

13  Georgia 557 42.53 0.52 $44773.82 0.74 

15  Hawaii 16944 40.97 0.50 $53223.05 0.77 

16  Idaho 89 31.10 0.64 $19889.39 0.45 

17  Illinois 57946 40.58 0.52 $38726.94 0.75 

18  Indiana 90457 41.29 0.50 $28912.87 0.70 

19  Iowa 122 39.00 0.58 $32612.54 0.73 

20  Kansas 294 40.27 0.53 $32311.19 0.76 

21  Kentucky 30830 40.80 0.51 $43478.99 0.75 

22  Louisiana 62865 41.17 0.50 $25634.79 0.67 

23  Maine 85 42.67 0.67 $34560.44 0.82 

24  Maryland 8903 41.45 0.52 $49486.61 0.80 

25  Massachusetts 19420 40.78 0.52 $35455.92 0.74 

26  Michigan 26851 41.02 0.53 $36983.34 0.71 

27  Minnesota 2284 41.05 0.50 $36884.06 0.80 

28  Mississippi 147 39.99 0.48 $34721.13 0.73 

29  Missouri 3364 41.31 0.52 $33124.51 0.77 

30  Montana 43 43.23 0.35 $37104.16 0.81 

31  Nebraska 101 40.94 0.50 $31003.83 0.76 

32  Nevada 4910 41.99 0.53 $41303.99 0.76 

33  New 

Hampshire 

60 43.58 0.52 $31921.00 0.77 

34  New Jersey 69693 40.81 0.51 $36965.24 0.74 

35  New Mexico 114 40.26 0.46 $29404.32 0.69 

36  New York 102578 39.82 0.53 $38184.02 0.72 
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37  North 

Carolina 

22440 41.60 0.52 $28769.86 0.71 

38  North Dakota 41 42.24 0.51 $46408.90 0.93 

39  Ohio 55730 40.66 0.51 $33277.81 0.73 

40  Oklahoma 17880 41.96 0.52 $59785.55 0.77 

41  Oregon 11974 41.23 0.51 $46630.06 0.75 

42  Pennsylvania 120711 40.88 0.51 $37556.67 0.75 

44  Rhode Island 62 36.85 0.55 $25942.10 0.66 

45  South 

Carolina 

406 46.22 0.54 $25980.57 0.61 

46  South Dakota 58 41.07 0.53 $30001.72 0.71 

47  Tennessee 7738 39.71 0.52 $35161.85 0.77 

48  Texas 116825 40.07 0.51 $34483.02 0.72 

49  Utah 40047 39.72 0.50 $35234.80 0.76 

50  Vermont 40 44.2 0.48 $42245.30 0.95 

51  Virginia 50228 40.46 0.50 $37319.79 0.72 

53  Washington 32077 41.35 0.51 $42207.58 0.75 

54  West Virginia 169 42.81 0.42 $30073.50 0.63 

55  Wisconsin 104821 41.74 0.51 $29188.95 0.71 

56  Wyoming 29 45.90 0.52 $8815.52 0.52 
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Table A2: CPS Individual Statistical Counts by CTE Enrollment 

Variable Non-CTE Enrollee 

Count 

CTE Enrollee Count Total Observations in 

Group 

Male 46936 643 47597 

Female 51845 737 52582 

Mean Age 48.34 38.19 100161 

Race    

White 80,959 1,072 82,031  

Black/Negro 9,901 193 10,094  

American 

Indian/Aleut 

961 12 973  

Asian only 5,011 70 5,081  

Hawaiian/Pacific Isla 420 4 424  

White-Black 290 2 292  

White-American 

Indian 

624 15 639  

White-Asian 264 5 269  

White-

Hawaiian/Pacific 

53 0 53  

Black-American 

Indian 

83 0 83  

Black-Asian 16 1 17  

Black-

Hawaiian/Pacific 

8 0 8  

American Indian-

Asian 

4 0 4  

Asian-

Hawaiian/Pacific 

61 1 62  

White-Black-

American 

50 3 53  

White-Black-Asian 6 0 6  

White-American 

Indian 

7 0 7  

White-Asian-

Hawaiian/ 

52 2 54  

White-Black-

American 

4 0 4  

White-Black--

Hawaiian 

1 0 1  

White-American 

Indian 

2 0 2  

White-American 

Indian 

2 0 2  
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Four or five races 2 0 2  

Birthplace    

United States, Not-

Specified 

83,943 1,176 85,119  

American Samoa 8 0 8  

Guam 20 0 20  

Puerto Rico 440 8 448  

U.S. Virgin Islands 13 0 13  

Canada 392 3 395  

Bermuda 12 0 12  

Mexico 3,648 27 3,675  

Belize/British 

Honduras 

9 0 9  

Costa Rica 26 0 26  

El Salvador 433 4 437  

Guatemala 275 3 278  

Honduras 161 3 164  

Nicaragua 78 2 80  

Panama 39 1 40  

Cuba 380 6 386  

Dominican Republic 292 5 297  

Haiti 143 1 144  

Jamaica 228 7 235  

Bahamas 12 0 12  

Barbados 11 0 11  

Dominica 16 0 16  

Grenada 10 1 11  

Trinidad and Tobago 54 0 54  

Antigua and Barbuda 11 0 11  

St. Kitts--Nevis 2 0 2  

St. Lucia 5 0 5  

St. Vincent and the 

Grenadines 

7 0 7  

Caribbean, Not-

Specified 

16 2 18  

Argentina 60 1 61  

Bolivia 17 0 17  

Brazil 122 5 127  

Chile 35 1 36  

Colombia 166 8 174  

Ecuador 127 1 128  

Guyana/British 

Guiana 

100 2 102  

Peru 134 1 135  
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Uruguay 10 0 10  

Venezuela 54 0 54  

Paraguay 6 1 7  

South America, Not-

Specified 

3 0 3  

Americas, Not-

Specified 

7 0 7  

Denmark 4 0 4  

Finland 11 0 11  

Iceland 3 0 3  

Norway 19 0 19  

Sweden 22 1 23  

England 170 5 175  

Scotland 22 1 23  

United Kingdom, 

Not-Specified 

78 2 80  

Ireland 46 1 47  

Northern Ireland 1 0 1  

Belgium 19 0 19  

France 77 0 77  

Netherlands 24 1 25  

Switzerland 15 1 16  

Greece 49 0 49  

Italy 140 0 140  

Portugal 69 0 69  

Azores 23 0 23  

Spain 48 0 48  

Austria 19 1 20  

Czechoslovakia 6 0 6  

Slovakia 10 0 10  

Czech Republic 12 1 13  

Germany 406 8 414  

Hungary 19 0 19  

Poland 148 1 149  

Romania 43 0 43  

Bulgaria 28 1 29  

Albania 19 0 19  

Yugoslavia 23 0 23  

Bosnia and 

Herzegovina 

68 0 68  

Croatia 12 0 12  

Macedonia 13 0 13  

Serbia 20 0 20  

Montenegro 3 0 3  
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Estonia 8 0 8  

Latvia 5 0 5  

Lithuania 10 0 10  

Other USSR/Russia 166 2 168  

Ukraine 109 0 109  

Belarus 21 2 23  

Moldova 10 0 10  

USSR, Not-Specified 26 0 26  

Europe, Not-

Specified 

18 0 18  

China 542 9 551  

Hong Kong 58 0 58  

Taiwan 110 2 112  

Japan 165 2 167  

Korea 312 3 315  

South Korea 56 1 57  

Mongolia 6 0 6  

Cambodia 47 0 47  

Indonesia 37 1 38  

Laos 83 0 83  

Malaysia 21 0 21  

Philippines 769 14 783  

Singapore 6 1 7  

Thailand 103 1 104  

Vietnam 426 5 431  

Afghanistan 21 0 21  

India 719 11 730  

Bangladesh 42 0 42  

Bhutan 44 0 44  

Burma 29 0 29  

Pakistan 103 1 104  

Sri Lanka 18 0 18  

Nepal 30 0 30  

Iran 137 2 139  

Iraq 79 2 81  

Israel 41 1 42  

Jordan 41 0 41  

Lebanon 43 0 43  

Saudi Arabia 28 0 28  

Syria 32 0 32  

Turkey 42 0 42  

Kuwait 12 1 13  

Yemen 16 1 17  

United Arab Emirates 5 0 5  
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Armenia 26 3 29  

Azerbaijan 4 0 4  

Georgia 4 0 4  

Uzbekistan 15 1 16  

Kazakhstan 8 0 8  

Asia, Not-Specified 37 1 38  

Egypt/United Arab 

Rep. 

54 1 55  

Morocco 19 1 20  

Algeria 15 0 15  

Sudan 14 0 14  

Libya 4 0 4  

Ghana 66 2 68  

Nigeria 59 5 64  

Cameroon 19 0 19  

Cape Verde 18 0 18  

Liberia 39 2 41  

Senegal 5 0 5  

Sierra Leone 17 0 17  

Guinea 3 0 3  

Ivory Coast 5 1 6  

Togo 7 1 8  

Eritrea 13 0 13  

Ethiopia 71 1 72  

Kenya 31 2 33  

Somalia 61 0 61  

Tanzania 4 0 4  

Uganda 11 0 11  

Zimbabwe 5 0 5  

South Africa 43 0 43  

Zaire 4 0 4  

Congo 9 1 10  

Zambia 1 0 1  

Africa, Not-Specified 103 1 104  

Australia 39 0 39  

New Zealand 12 0 12  

Fiji 12 0 12  

Tonga 1 0 1  

Samoa 8 0 8  

Marshall Islands 5 0 5  

Micronesia 21 0 21  

Other 79 2 81 
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Table A3: Mean Institution Characteristics by State 

State Value 

Added 

Repayment 

Rank   

Curriculum 

Value in 

Dollars  

Alumni 

Skills in 

Dollars 

Percent 

STEM 

Awards    

Average 

Institutional 

Aid in 

Dollars 

Graduation 

Rate – 

Twice 

Normal 

Time 

Retention 

Rate - 

2009 

Average 

Institutional 

Salary in 

Dollars 

Pell Aid 

Per 

Student 

in 

Dollars   

Percentage 

of Students 

Receiving 

Pell Aid 

Imputed 

Standardized 

Test Score 

AK    86  60148.97    59324.78    16.42813 1697.61         100    34.84848       42528    1964.692 66   -.7067477  

AL   34.13043  53547.3    62043.54    28.65009 5132.805    29.86957     61.5419    68559.65     2240.68    55.52174   -.9430166  

AR   31.7619  52988.43    60281.33    23.49046 5079.488    36.95238     60.8274    61231.43    2001.014    48.95238   -.6863761  

AZ   49.31818  51446.12    59556.61    18.12586 1404.195    28.59091    52.31751    82400.18    1638.809    43.31818   -.9210529  

CA   41.62857  51667.8    60377.66    19.39084 1984.758    40.53571    49.73585    90519.77    1373.866    35.82857   -.3184682  

CO   35.06667  52450.39     62032.3    31.06692 2094.327        34.8     56.9464       69636    1996.586    45.66667   -.7937813  

CT    82.07692  54898.85    60436.71    27.39412 4868.198    36.76923    63.58032    91570.15    1218.663    35.30769   -.1522697  

DE   52.33333  55636.02    59391.28    42.95995 595.0033    17.33333     53.5715       91488    1327.123    41.33333   -.8005076  

FL   42.53846  49011.34    58835.28     15.1041 3942.478    50.38462    70.19352    63882.46    2279.191    53.84615   -.9512142  

GA   51.61538  52459.28    60669.07    26.35182 4307.79          38    65.36479    67237.85    2442.857    58.23077   -1.053601  

HI   38.28571  52325.05    59645.65    24.60578 1247.571    31.42857    60.64201    86641.71    1472.717    37.85714   -.1912777  

IA    60.52381  53650.93    62572.41    30.60883 7291.613    47.38095    63.74041    74398.86     1364.39    36.52381   -.4431701  

ID   43.25  52202.65    61146.52    30.08767 1257.59       37.25    53.04934       74202    1443.633 41   -.7491918  

IL   51.65957  51528.09    60774.57     21.9172 3223.327    36.06383    57.42103    85815.32    1325.495     35.3617   -.4001585  

IN   42.9  54071.5    61694.43    33.21175 7004.262        47.5    70.58797     69111.6    1419.869        35.3   -.2011667  

KS     75.38462  53506.54    61240.44    19.44211 1830.214    33.53846    54.77067       61800    1332.735    37.92308   -.6287327  

KY   29.5  53323.96    59623.47    34.37908 1918.987     37.9375    61.70477       59523    1649.284 45.75   -.9437617  

LA   42  56787.71    61242.34    39.12928 1884.484    35.71429    55.28837    61162.29    2385.381    54.42857   -.9209525  

MA    68.03448  54032.05    63347.16    29.44781 8973.342    50.44828    70.19665       91356     1257.38    34.34483    .0518434  

MD    66.75  53539.66    60759.56    25.88788 4268.342     37.1875    62.15939    78717.75    1105.823     31.1875   -.2848605  

ME    68.55556  56522.11    61120.95    32.40333 5718.206          54    70.33765    87310.67    1426.061    38.33333    .0679373  

MI   46.03226  52776.87    60564.72     29.6159 3015.777    29.83871    58.31309    86273.81    1735.185    45.87097   -.7349609  

MN    75.35484  53934.23    61331.12    29.77644 4992.618    46.22581    66.33073    82101.29     1233.87    35.09677   -.2665761  

MO   44.58824  51893.06    60456.48    23.08279 2042.059    36.58824    57.97731       64584    1885.843    50.23529    -.759988  

MS   45.58333  53805.89     59151.4    29.45897 1344.227    31.83333    57.08801       63146    2360.606    59.16667   -1.183354  

MT    82.5  53432.01    58408.23    22.78042 869.325        27.5     51.0959       65214    1835.278          50   -1.253324  

NC    57.76923  53034.65    60510.74    21.83795 3701.183    34.80769    62.43531       69282    1901.105    47.96154   -.6112833  

ND    81.5  55380.9    62817.15    37.88433 1121.76        44.5    66.01714       66474  1159.769        26.5   -.7331514  

NE    70.85714  53875.7    62229.38    30.69802 2309.471    42.42857    62.98908    72193.71    1135.484          32   -.6076034  

NH    77  54921.65    65618.08    24.23029 5365.88    34.33333     61.7991       73772     1404.86 38   -.6654493  
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NJ   60.11111  51174.19     60449.1    20.00153 1673.375    29.05556    63.10333       85726 1343.748 37.77778   -.5927274  

NM    61.5  52934.15    61135.94    24.26029 513.38    17.83333    47.27643       61396   1548.738    37.66667   -1.194808  

NV   42  52617.2     58502.8    32.51684 477.96          21    54.66321       75828     1080.97          32   -.4484436  

NY   53.03226  52925.17    61856.18    21.96843 4151.513    41.62903    67.29919    85236.97    1625.399    40.40323   -.3683884  

OH    47.93333  54964.3    61993.89    36.69093 6821.335    39.66667    64.23154     80373.2    1550.561    40.13333   -.4671556  

OK   18.81818  55122.1    59992.15    29.55527 1857.106    23.54545    47.77857    55060.36 1841.183    48.54545   -1.035984  

OR   48.2  54511.86    61337.97    26.55985 4073.945    35.93333    60.84885     85810.4    1710.147        42.6   -.5442974  

PA     74.04255  55561.22    63594.15    29.03526 9430.445    55.93617     72.2525    84363.32    1264.825    33.74468   -.0196845  

RI      88  53121.88    61764.14    26.65398 809.4          17      54.87941 81720         2313.166 56 -1.134768 

SC    59.55  54167.9    61074.84    27.94827 4401.693       33.25    59.23548     69136.8    2136.018       52.15   -.7935062  

SD    93.66667  55946.15    62630.52    41.44428 5569.423    58.66667    73.91482       68052     1452.39          38 -.5299808 

TN   45.875  52084.28    60474.82    24.59844 4274.6     37.4375    62.43738     65836.5    1617.231      42.125   -.6241076  

TX   43.61111  52111.61    59963.93    29.13544 1445.461    23.74074    56.26289       70220  1573.792    40.01852   -.8134028  

UT    80.66667  53313.64    61808.77     16.2168 1037.773    46.33333    50.21359       74444    1455.398    37.33333   -.3268383  

VA    72.1875  55051.31    63055.28      27.906 5302.226     38.8125    63.48367     84271.5    1080.484     31.6875   -.1884213  

VT    85.8  55675.61     64954.7    38.74564 9088.012        67.2     80.2304     91689.6    990.6309        25.2    .3808478  

WA   55  53789.55    59677.53    21.54997 1781.276    38.22222     59.4805    76056.89    1258.647    32.48148   -.4255893  

WI    74.73684  56305.43    60823.41    26.79352 2057.236    42.47368    64.43439    87903.79    1407.357    40.47368   -.7426507  

WV   6.285714  51613.34    62732.61    20.12618 1630.746    29.85714    55.55742       66192  1623.358    41.42857   -.8905202  

WY    70  52856.53     59142.3    37.02102 1573.378          41    60.01519       74304    1053.775 28.5 -.5186093 
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Figure A1: Mean Individual Earned Income by State Using ACS Data 
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Figure A2: Mean Labor Force Participation Rate by State Using ACS Data
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Figure A3: Mean Age of CTE Enrollees Versus Non-Enrollees Using CPS Data 
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Figure A4: Female to Male Ration of CTE Enrollees Versus Non-Enrollees Using CPS Data 
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Figure A5: Race Breakdown of CTE Enrollees Using CPS Data 
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Figure A6: Race Breakdown of Non-CTE Enrollees Using CPS Data 
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Figure A7: Average Value Added Loan Repayment Rate Rank Aggregated by State Using Brookings Dataset 
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Appendix B: CTE Likelihood Logit Results 

 (1) 

VARIABLES Likelihood of Participating in 

CTE Program 

  

Age of youngest Child 0.000540 

 (0.000653) 

Sex 0.0246 

 (0.0547) 

Black 0.388*** 

 (0.0828) 

American Indian/Aleut/Eskimo -0.0390 

 (0.292) 

Asian 0.0822 

 (0.199) 

Hawaiian/Pacific Islander -0.232 

 (0.507) 

White – Black -0.715 

 (0.711) 

White – American Indian 0.607** 

 (0.264) 

White – Asian 0.285 

 (0.456) 

Black – Asian 1.506 

 (1.037) 

Asian – Hawaiian/Pacific Islander 0.0717 

 (1.011) 

White – Black – American Indian 1.507** 

 (0.597) 

White – Asian – Hawaiian – Pacific Islander 1.074 

 (0.722) 

U.S. Citizen 0.157 

 (0.116) 

Hearing Disability -0.659*** 

 (0.215) 

Eyesight Disability 0.120 

 (0.239) 

Cognitive Disability -0.125 

 (0.195) 

Physical/Ambulatory Disability -0.873*** 

 (0.226) 

Central America -1.063** 

 (0.441) 
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South America -0.298 

 (0.316) 

Africa 0.000376 

 (0.380) 

Czechoslovakia 0.620 

 (1.058) 

West Indies -0.444 

 (0.383) 

Puerto Rico 0.0738 

 (0.447) 

Canada -0.881 

 (0.640) 

Mexico -1.531*** 

 (0.386) 

Cuba -1.083* 

 (0.657) 

Sweden 0.859 

 (1.064) 

England 0.462 

 (0.521) 

Scotland 0.824 

 (1.062) 

United Kingdom – Not Specified 0.309 

 (0.763) 

Ireland 0.123 

 (1.050) 

netherlands 0.695 

 (1.063) 

switzerland 1.339 

 (1.062) 

austria 1.197 

 (1.055) 

germany 0.126 

 (0.416) 

poland -0.999 

 (1.041) 

bulgaria 0.655 

 (1.051) 

russia_otherUSSR -0.445 

 (0.766) 

belarus 1.593** 

 (0.793) 

china -0.225 

 (0.477) 
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taiwan -0.140 

 (0.781) 

japan -0.489 

 (0.768) 

korea -0.597 

 (0.594) 

indonesia 0.285 

 (1.068) 

philippines -0.0832 

 (0.412) 

singapore 2.055* 

 (1.126) 

thailand -0.725 

 (1.055) 

vietnam -0.508 

 (0.549) 

india -0.317 

 (0.459) 

pakistan -0.743 

 (1.054) 

iran -0.206 

 (0.759) 

iraq 0.345 

 (0.778) 

israel 0.304 

 (1.044) 

kuwait 1.491 

 (1.082) 

yemen 1.207 

 (1.071) 

armenia 1.906*** 

 (0.661) 

uzbekistan 1.174 

 (1.084) 

asia_nec_ns 0.444 

 (1.050) 

other_unknown 0.179 

 (0.757) 

hisp_puerto_rican 0.270 

 (0.291) 

hisp_cuban 0.929** 

 (0.440) 

hisp_mexican 0.542*** 

 (0.118) 
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hisp_other 0.625*** 

 (0.170) 

Constant -2.858*** 

 (0.366) 

  

Observations 98,422 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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