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Executive Summary While college attendance and returns have been an important part of research in labor economics and human capital theory, there has been relatively less focus on the subbaccalaureate paths. “Some college” is a varying category comprised of (1) two- and four-year college dropouts; (2) associate’s earners who first started at two- or four-year colleges and those who transferred afterwards; and (3) transfers from two- to four-year colleges and vice versa. Even bachelor’s degree earners have different paths to their degrees. Specifically, they may start at two-year colleges and transfer with or without degrees. There is not a very good understanding of who chooses these paths or what wage premia they may earn. This paper addresses two main research questions. 1) What are the labor market returns to these various college paths? And 2) How do individual characteristics effect the chosen path? Two datasets are used throughout the analysis: the National Longitudinal Studies of Youth 1979 and 1997 (NLSY79 and NLSY97) thus focusing on two cohorts. These cohorts were selected to compare how attendance probabilities and wage premia have changed over time. The NLSY79 cohort mainly attended college in the early 1980s whereas the NLSY97 cohort mainly attended college in the late 1990s and early 2000s. These datasets have measures of family background characteristics, individual characteristics, cognitive ability, traits, educational attainment and attendance, and labor market experience. Thus it is possible to determine entire postsecondary histories for the individuals in the dataset. The major obstacle to obtaining estimates of wage premia is self-selection of individuals into postsecondary paths. Several methods are used to address this and estimate the wage premia. First, linear regression analysis of wages is used on many control variables that control for individual characteristics (race and gender), family background (mother’s education, family composition, urban dwelling), and traits (cognitive ability, externalizing behavior, and selfii



!



efficacy). A propensity score matching model is also estimated to address the possibility that individual characteristics of people taking different college paths may be so vastly difficult so as to make counterfactual comparison with the OLS estimation difficult as well as to relax the linearity assumption of the OLS estimates. Finally, an instrumental variables (IV) strategy is considered to demonstrate how unobserved heterogeneity may affect the previous wage premia estimates. The results from these analyses shed light on labor market effects of different college experiences. Individual characteristics significantly affect students decisions at many points in their postsecondary decision making process. Those with more cognitive ability are more likely to start at four-year schools and complete programs they enroll in. Males are less likely to go to college but do not choose significantly different paths conditional on going to college. The results show substantial heterogeneity in the wage premia for different postsecondary paths. Dropouts from either institution earn statistically similar wages as high school graduates who did not go to college. In addition, in some cases, differing paths to the same final degree have different average wage premia, in particular in the NLSY79 analysis students that got a bachelor’s degree but started at two-year college are at a disadvantage compared with those that started at a four-year school. The matching results were very similar to the linear regression, suggesting that problems of common support were not biasing the linear regression results. The instrumental variables results differ from the linear regressions results which implies that there may be heterogeneity in the treatment effects of different wage paths. Given this substantial heterogeneity across paths and within paths, better counseling and screening for individuals before they go to college is one possible policy implication. Better assessment of which particular college path will lead to the most successful outcomes for individuals may prevent high numbers of dropouts. This is particularly important because the iii
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results show that both two- and four-year dropouts are not earning significantly more than individuals who never went to college.
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1.



Introduction Postsecondary education in the United States comprises very heterogeneous paths. More



than half of working age adults who ever attend college finish with some college, but less than a Bachelor’s degree.1 “Some college” is a varying category comprised of (1) two- and four-year college dropouts; (2) associate’s earners who first started at two- or four-year college and those who transferred afterwards; and (3) transfers from two- to four-year colleges and vice versa. Even bachelor’s degree earners have different paths to their degrees. Specifically, they may start at two-year colleges and transfer with or without degrees. While college attendance and returns have been an important part of research in labor economics and human capital theory, there has been relatively less focus on these subbaccalaureate paths. There is not a very good understanding of who chooses these paths nor what wage premia are for them. This paper seeks a fuller understanding of attendance and wage premia for postsecondary education by disaggregating estimates into various paths. Results are presented for two cohorts: those that mainly attended college in the 1980s and those that mainly attended college in the early 2000s. These cohorts were selected to compare how attendance probabilities and wage premia have changed over time. The difficulty in estimating wage premia is in the non-random selection of individuals into paths, a problem that plagues the literature on returns to education. Individuals with more cognitive ability, as measured by scores on the Armed Services Vocational Aptitude Battery (ASVAB),2 are more likely to start at four-year colleges and more likely to finish whatever programs they enter.3 Standard estimates of the returns to non-traditional postsecondary !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 1



This conclusion results from the author’s calculations using data on final educational attainment amongst those aged 25-65from the 1990 and 2000 Census and 2010 American Community Survey (ACS). 2 For more on the ASVAB see Section 4.1. 3 See Tables 3, 5, and 6 in this paper.
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education paths attempt to alleviate this issue by estimating wage premia using ordinary least squares (OLS) regressions and controlling for observable characteristics, including ability measured by cognitive achievement tests in a static framework where observables enter linearly into the equation (Kane and Rouse 1995, Grubb 1997, Marcotte et al. 2005). The main exception is Leigh and Gill (2003) who use a Willis and Rosen (1979) framework, which entails a twostep selection correction procedure, to control for selection into postsecondary education paths. Several issues can arise with these estimates. First, “ability” can be defined using more than performance on cognitive achievement tests, as much recent literature has shown (see Borghans et al. 2008 for a review). Personality traits and individual preferences affect many life outcomes such as educational choices, labor market outcomes, and criminal participation (Almlund et al. 2011). These traits and preferences, or “non-cognitive abilities”, affect selection into college paths just as cognitive ability does. Second, OLS may mask support problems when there is sorting by abilities; for instance, there may be few individuals who score high on cognitive ability tests in dropout paths or few individuals who have high levels of externalizing behavior getting a bachelor’s degree, which makes comparisons difficult (Black and Smith 2004). Third, even with increasingly more comprehensive measures of ability and traits to solve the problem of ability bias, it is almost impossible to capture all the measures of ability that are important in determining in-school benefits of college as well as future wages. Finally, postsecondary decisions are inherently dynamic, though much of the literature estimates use static models. There is uncertainty at each stage of the decision making process that will affect the way individuals make decisions and this needs to be taken into account (Cameron and Heckman 2001). To build on this previous literature and address some of the issues listed above, both
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attendance probabilities and wage premia are estimated for more postsecondary paths than are generally found in the literature. This will help to identify who attends college along these different paths and get a fuller picture of the wage premia for college. Differences are expected in wage premia by paths that are masked by the usual analyses. As more high school graduates are attending college, the characteristics of college attenders and the wage premia by path could be changing. To test this, data from a more recent cohort is used to update estimates previously found in the literature and compare these to older cohorts. Measures of non-cognitive abilities are added to the analysis, which could affect both attendance probabilities and wage premia. A propensity score matching model is also estimated to address the possibility that individual characteristics of people taking different college paths may be so vastly difficult so as to make counterfactual comparison with the OLS estimation difficult as well as to relax the linearity assumption of the OLS estimates. Finally, an instrumental variables (IV) strategy is considered to demonstrate how unobserved heterogeneity may affect the previous wage premia estimates. 2.



Literature Review While many papers in the literature ignore the distinction between two- and four-year



colleges when studying the returns to college, there are a few that do explicitly take two-year colleges into account (for example Grubb 1993, Kane and Rouse 1995, Grubb 1997, Leigh and Gill 2003, and Marcotte et al. 2005). These papers for the most part use nationally representative, longitudinal datasets which allow them to look at educational histories as well as family background and test scores. Examples include High School and Beyond (HS&B), the National Education Longitudinal Study of 1988 (NELS:88), the National Longitudinal Study of 1972 (NLS72), and the National Longitudinal Survey of Youth 1979 (NLSY79). They address selection into educational paths by using controls for family background characteristics and test
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scores, though one uses a Willis and Rosen (1979) two-stage selection procedure (Leigh and Gill 2003). Table 1 summarizes the results from these main papers in this literature. Kane and Rouse (1995) use transcript data from the NLS72 to show that returns to credits at two- and four-year institutions are similar at about four percent to six percent per 30 credit hours (the equivalent of one full time year of enrollment at most schools). They use the extensive family and student background characteristics available in the data as controls for selection in their regressions. Additionally, the authors compare their results to those from the NLSY79, which uses self-reported data, and find that two- and four- year dropouts earn similar returns of about eight percent over high school graduates with no attainment of postsecondary education (PSE) degrees or credentials for men, but no statistically significant return to women; Associate’s earners earn 20 percent over high school graduates with no PSE and Bachelor’s earners 33 percent over high school graduates with no PSE. Using a different dataset, the Survey of Income and Program Participation (SIPP) data from across the 1980s, finds a similar result for dropouts. Marcotte et al. (2005) use data from the NELS:88 to update previous papers to a more recent cohort that attended college in the early 1990s, though they find results similar to previous papers. Specifically, community college has a positive effect on earnings both for those earning a credential and those who drop out. These studies all use controls in their regressions to reduce the problem of selection. Leigh and Gill (2003) use a selection correction procedure, in the spirit of Willis and Rosen (1979), to add a selection correction term to the OLS results. They also explicitly compare individuals with bachelor’s degrees who began at two-year versus four-year colleges and find a substantial disadvantage for those who start at
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two-year colleges conditional on earning a bachelor’s degree. The authors find significant returns to community college terminal programs, though terminal programs in this paper are defined by lack of transfer to a 4-year college and not through knowledge of actual program enrolled in. For additional reviews of this literature see Kane and Rouse (1999) and Grubb (2002). Trachter (2011) (not shown in table, as analysis was not focused on returns) uses the National Longitudinal Study of 1972 (NLS72) and a simulated method of moments method to estimate a model of the interaction between two- and four-year options in postsecondary choices in an attempt to understand option value and the value of two-year colleges as a “stepping stone”. He concludes that the option to drop-out of college accounts for a large portion of the returns to college. He also concludes that two- and four-year colleges are highly substitutable. This analysis expands the knowledge gained by this previous literature in several ways. Results are presented for a more recent cohort, those who attended college in the late 1990s and early 2000s. Non-cognitive traits are added to the control variables used in this previous literature, which give a fuller understanding of selection by these traits. The results are also compared to a matching method which helps further our understanding the effect of selection and functional form assumptions on these results. Finally, instrumental variables analysis gives a further look into how remaining heterogeneity affects the results.
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Table 1. Literature on Returns to Community College



Note: The Results column is the log of hourly wages, except for Grubb (1997) who reported results as total annual earnings.
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3.



Model This section lays out a general dynamic discrete choice model for postsecondary



decisions with a maximum of five possible decisions and the labor market as the terminal state. This model will inform later methodology and analysis. All decisions have been nested to make them binary for ease of later estimation. Once a participant drops out, it is assumed that they do not return to school. The model of educational choices is based on the model originally proposed by Eisenhauer et al. (2012). Figure 1 depicts the educational choice tree available to individuals. Individuals must make multiple choices beyond choosing to attend college or not. This paper addresses postsecondary education, so the options given assume one has graduated from high school with a high school diploma.4 The stages of decision making can be described as follows: •



Stage 1: Decide whether to go to college



•



Stage 2: Decide two-year vs four-year college, conditional on choosing college/university o Stage 2a: Decide whether to earn a degree (Associate’s or Bachelor’s)



•



Stage 3: Transfer or not is conditional on not having a Bachelor’s degree already o Stage 3b: Decide whether to earn a degree (Associate’s or Bachelor’s), conditional on transferring



•



Stage 4: Everyone is in the labor market (terminal state)



Note that Stage 4 is not a decision point or node. At this stage, it is assumed everyone enters the labor market, and labor market decisions are not modeled here. In each stage, the individual student or agent makes a discrete educational decision, !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 4



The analysis does not include General Education Development (GED) earners in the category of high school graduates. This is due to research that shows that GED earners have different characteristics and outcomes than high school graduates and thus pooling them would be misleading (Heckman et al. 2010). Adding a separate GED category and separate postsecondary tree for GED earners would render the model unwieldy. It is left to future research to consider postsecondary path outcomes for GED earners.
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dt−1∈ {0, 1} given his/her sequence of previous choices Dt−1 = {d1, d2, ..., dt−1} and individual characteristics. Available choices are defined by previous choices. Dropping the t subscripts for now, Sf (D) is defined as the feasible set of schooling choices given state D, thus the current choice, d is d ∈ Sf (D). Since all choices are binary, Sf (D) = {0, 1} for each case, but what {0, 1} represents changes according to D. Earnings are defined in any state where you enter the labor market, i.e. when you earn a bachelor’s degree, drop out of school, or decide not to go to college. Earnings in one of these states is defined as: Y (d) = f (X (d)) + α(d)θ + ε(d)



(1)



Where ε is a random shock unknown to the individual before they make their decision. This random shock encapsulates the fact that there is uncertainty in wages; individuals do not know for sure the wages they will receive in the future before they make a decision. Further, wages are not deterministic functions of individual characteristics. Whereas θ is individual type known to the agent but not to the econometrician, X is individual characteristics that effect wages. States where one does not enter the labor market are defined as: Y (d) = 0. In all states where one chooses a college option, there is a cost associated with that option. These costs can be both financial, i.e. tuition or opportunity costs from limited working opportunities, and “psychic”, non-pecuniary costs associated with the college choice, such as effort or stress. We define the costs of choice d as: C (d) = g(Q(d)) + δ(d)θ + ν (d)



(2)



Where ν is a random shock, revealed to the individual just before he makes his decision, helping to capture the inherent uncertainty in costs; θ is as defined above; and Q is individual
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characteristics that effect utility and costs, respectively. States where one chooses to drop out or not attend college are defined as: C (d) = 0. Figure 1.



Postsecondary Education Tree
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Define I(D) to be the information set of an agent with state D. This information includes all individual characteristics, all previous s, and the ν s for the upcoming choice. That is the cost shocks are revealed before choices are made but utility shocks are revealed after. The agent’s recursive problem is then: V (d|I(D)) = Y (d) + β max d∈Sf (D)



{−C (d) + EV (d|I(d))|I (D)}



(3)



In the final stage of when decisions are made, there are no more expected values, as expected earnings are known and, for the purposes of this study, there are no more educational
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choices to make. This implies we will solve the model through backwards induction. Section 7 discusses econometric specifications and estimation techniques for this dynamic model. Though any model of postsecondary choices is inherently dynamic in nature, some analysis in this paper will focus on a static version of the model. This accords with the literature and can still give some interesting insight. Here it is assumed that there are no choice-specific utility or cost shocks, i.e. that ε(d) = ν(d) = 0. Thus all benefits and costs of each decision are known to the agent when s/he graduates high school and the entire path of postsecondary decisions can be chosen at that moment. In this static case, individual’s decision can be described by a polychotomous Roy Model (Roy 1951, Lee 1983), where each individual must choose which of the k ∈ (1, ..., K ) paths to take. Other analysis will be sequential in nature. In this case each decision is analyzed separately conditional on having arrived at a particular node. 3.1



Limitations The major limitation of this model is that it currently ignores duration. Each stage is



basically considered to have the same duration, though in reality this is not true. Although this is similar to the analysis conducted by Leigh and Gill (2003) Leigh and Gill (2003) and the NLSY analysis of Kane and Rouse (1995), it is not an ideal simplification. 3.2



Parameter of Interest There are two possible ways to define the parameter of interest in this model: by entire



path, i.e. the effect of being a bachelor’s degree earner who began studies at a two-year college and did not receive an associate’s degree versus a high school graduate with no postsecondary education; or node by node, i.e. the effect of choosing to start at two-year college versus a fouryear college conditional on choosing to go to college (Heckman et al. 2011). To be concrete, for path treatment effects, let k ∈ (1, ..., K ) be a single-valued summary



10



!



for the information in D, that is each k is a possible postsecondary path. Let Y0 be the outcome for the high school graduate with no postsecondary education (“non-treated”) state; and let Yk be the outcome in state k. There are many possible parameters of interest. The main focus of the literature is the treatment on the treated: the effect of postsecondary path k versus no postsecondary education on people who chose that path: ∆T OT = E(Yk−Y0|dk = 1)



(4)



Other parameters of interest may include the average treatment effect: ∆AT E = E(Yk−Y0)



(5)



∆T U T = E(Yk − Y0 |dk = 0)



(6)



or the treatment on the untreated:



For the treatment effects by node a similar definition can be used. For each node, dit is the decision made in stage t and Y0 and the expected value of choosing dit = 0, where the expected value includes future educational decisions, and analogously for Y1 with dit = 1. Then treatment effects are defined similarly as above, with Y1 instead of Yk. 4.



Data The source of data for the analysis is from the U.S. Department of Labor, Bureau of



Labor Statistics’ (BLS) National Longitudinal Studies of 1979 and 1997 (NLSY79 and NLSY97)5. Both are nationally representative longitudinal datasets that contain information including but not limited to family background characteristics, educational choices, work histories, and wages of respondents. Individuals in the NLSY79 graduated high school between 1975 and 1983 while individuals in the NLSY97 graduated high school between 1998 and 2003. Both surveys also have oversample populations. In the NLSY79, oversampled populations !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 5



The main NLSY data was accessed from the NLS Web Investigator Web site: https://www.nlsinfo.org/investigator/. Access to confidential geo-code data was also permitted, which provides state and county location information of respondents. This data was accessed via a compact disc (CD) provided by BLS.
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include military members, poor whites, Blacks and Hispanics; however, BLS stopped surveying members of the poor white and military samples oversamples in 1991 and 1985 respectively. Since the focus of the analysis is on labor market outcomes the poor white and military samples are no used since they, for the most part, were not in the sample long enough to have labor market outcomes recorded. The NLSY97 oversampled Blacks and Hispanics. The oversamples of Blacks and Hispanics in both datasets are retained in the analysis in order to increase sample size. All analyses will be weighted so that the oversamples of groups do not swamp the results.6 For a more thorough explanation of sample selection, please see the Data Appendix. The latest survey year of data available for both surveys is 2008. This means the NLSY79 respondents are between 43 and 51 years old but the NLSY97 respondents are only between 23 to 30 years old. Because they are relatively young, the NLSY97 members may not have completed their final education levels. To partially account for this, individuals still enrolled in school in 2008 are excluded from the analysis. In order to make a clearer comparison between the NLSY97 and the NLSY79 cohorts we would want them to be the same age when we do the analysis. Thus, information from the NLSY79 up until 1988 when the respondents were the same age as those in the NLSY97 is used (as well as excluding everyone enrolled in 1988, as previously mentioned). In both datasets, the longitudinal nature of the data is used to construct educational histories and choices after high school graduation. Here and throughout the paper paths will be represented as a series of decisions, for example 2-AA-T-D is a path that starts at two-year college, earns an associate’s7, transfers to a four-year college and drops out. Note that a lack of data in the 2-T-D-T and 4-T-D-T paths means that any estimation would be extremely difficult. !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 6



The custom weights provided by the BLS are used for the datasets. Although in the variable names the term AA is used, in the data this could imply any sort of associate’s degree (AA, AS, or AAS for example). 7
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Therefore, individuals in these paths were collapsed into the 2-D and 4-D paths, respectively, eliminating Stage 3b decisions and turning Stage 3 into “Transfer and complete degree” or not. This collapse leaves a total of nine possible paths. Table 2 lists each of these paths by their label with a description of what that path means. Table 2.



Path Labels and Descriptions



Label HSG 2-D 2-AA 2-AA-T-D 2-D-T-BA 2-AA-T-BA 4-D 4-D-T-AA 4-BA



Description High school graduate with no postsecondary education Started at 2-year, left with no degree, did not transfer Started at 2-year, graduated with AA, did not transfer Started at 2-year, graduated with AA, transferred to 4-year and did not earn degree Started at 2-year, left with no degree, transferred to 4-year and graduated with BA Started at 2-year, graduated with AA, transferred to 4-year and graduated with BA Started at 4-year college, left with no degree Started at 4 year college, left with no degree, transferred to a 2-year college and earned AA Started at 4-year college, graduated with BA



Table 3 shows the weighted proportion as well as the raw number of observations in each path for the NLSY79 and NLSY97. The tables shows that the proportion of high school graduates in this age group (23-30) who has earned a bachelor’s degree has increased across the cohorts. The proportion that do not pursue any postsecondary education has remained similar, and the proportion that transfer between institutions has increased (seen as an increase in each path that involves a transfer).
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Table 3.



Weighted Proportions and Unweighted Frequencies by Path NLSY79-1988



NLSY97-2008



Proportion N Proportion N HSG 0.397 2345 0.366 2042 2-D 0.177 1018 0.158 950 2-AA 0.049 236 0.048 219 2-AA-T-D 0.009 52 0.014 95 2-D-T-BA 0.013 65 0.031 133 2-AA-T-BA 0.012 46 0.013 61 4-D 0.163 976 0.111 728 4-D-T-AA 0.011 49 0.019 81 4-BA 0.171 712 0.239 1012 Note: N is unweighted frequency. All paths conditional on high school diploma (not GED). T stands for Transfer, D for Dropout, each letter or number is a decision. Data from NLSY79 and NLSY97.



4.1. Measuring cognitive and non-cognitive skills As mentioned previously, skills and traits are multi-dimensional. Economists, such as Almlund et al. 2011, have been exploring abilities and personality traits beyond those measured by cognitive achievement tests. These skills are clearly important for education. The unobserved traits θ are measured through a factor model structure (Heckman et al. 2011, and Cattan 2012). These factors are identified through test scores and behaviors in adolescence. The cognitive factor is identified from Armed Forces Vocational Aptitude Battery (ASVAB) tests. The ASVAB consists of a series of ten multiple choice tests meant to measure a variety of aptitudes.8 The scores on these tests have been used in numerous studies using the NLSY to measure cognitive ability (Belley and Lochner 2007, Heckman et al 2006, and Neal and Johnson 1996). The externalizing factor is identified through questions asked of respondents about early behaviors, in particular: smoking, drinking, drug use, early sex and criminal participation. !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 8



The complete list of tests are: word knowledge, arithmetic reasoning, mechanical comprehension, automotive and shop information, electronics information, mathematics knowledge, general science, paragraph comprehension, assembling objects, and coding speed.
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The unobserved traits ✓ are measured through a factor model structure (Heckman et al. (2011), Cattan (2012)). These factors are identified through test scores and behaviors in
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adolescence. In particular, the cognitive factor is identified from Armed Forces Vocational Aptitude (ASVAB) tests. The externalizing factor is identified through early issmokAs Battery is standard in the literature (Almlund et al. 2011), a linear measurement system ing, drinking, use, sex, and crime. assume a linear for the used for the set drug of tests and behaviors. For Ithe cognitive factormeasurement each ASVABsystem test score, j, is set of tests and behaviors. For the cognitive factor each test score, j, is described by: described by: 0 Tijs = Xis
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js



+ ↵js ✓iC + ✏ijs



(11)



Where s is the schooling level at the time of the test. This is important because the ASVAB tests Where s is the schooling level at the time of the test. were administered in 1980 when the respondents had varying levels of schooling which could 31 affect how they performed on the exams. In addition the NLSY79 contains questions from the Rotter Locus of Control and Rosenberg Self-Esteem scales. These are a series of questions about various aspects of selfefficacy that respondents are asked whether they “stongly agree” “agree” “disagree” or “strongly disagree” describes their feelings. Unfortunately these questions are not asked in the NLSY97. However, to get a better understanding of how unobserved non-cognitive traits effect my estimates a measure of self-efficacy derived from these questions for the OLS analysis in the NLSY79 will be used. Since the actions I use to measure externalizing behaviors are inherently binary (i.e. the respondent either smoked or they did not) so for each behavior j define the utility Since the externalizing behaviors are binary, for each behavior j define the utility of that



of that behavior by: behavior by:



0 Wij = Xis



js



+ ↵js ✓iE + ⌫ijs



(12)



And thewe behavior is observed only if Wonly ij > 0 if Wij > 0 And then thennote notethat that will observe that behavior OneOne cancan then useuse thethe strategies ofof Carneiro factors. then strategies Carneiroetetal.al.(2003) (2003)totoidentify identifythe the individual individual factors.



4.2. Evidence of Sorting/Selection



7



Dynamic Estimation Results It is not expected that individuals’ educational paths were chosen randomly. Rather they



are likely to sort into paths by their ability and personality. This can be seen in the NLSY data



8



Conclusion



used for this analysis. Table 4 shows evidence of sorting on traits by looking at the average of
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the two traits, cognitive ability and externalizing behavior, (each standardized) across the various paths in both datasets. We see that individuals who started at four-year schools and earned bachelor’s degrees have the highest cognitive traits, as well as the lowest externalizing behavior measures. High school graduates, on the other end, have the lowest cognitive measures and the highest externalizing behavior. Those that start at two-year schools and eventually get a bachelor’s degree tend to have lower cognitive measures and higher externalizing behavior than those that started at a four-year school.9 Table 4.



Average Characteristics by Path NLSY79-1988 cog



NLSY97-2008 ext



cog



ext HSG mean -0.622 0.007 -0.400 0.020 sd 0.954 0.406 0.898 0.711 2-D mean -0.141 -0.036 -0.093 -0.023 sd 0.909 0.390 0.782 0.708 2-AA mean 0.047 -0.063 0.098 -0.043 sd 0.877 0.374 0.778 0.671 2-AA-T-D mean 0.227 -0.087 0.130 -0.019 sd 0.943 0.350 0.863 0.722 2-D-T-BA mean 0.468 -0.038 0.265 -0.103 sd 0.851 0.356 0.779 0.696 2-AA-T-BA mean 0.488 -0.156 0.365 -0.172 sd 0.842 0.299 0.708 0.600 4-D mean 0.058 -0.060 0.417 -0.134 sd 0.916 0.364 0.822 0.647 4-D-T-AA mean 0.424 -0.106 0.475 -0.132 sd 0.803 0.394 0.723 0.622 4-BA mean 0.692 -0.162 0.807 -0.203 sd 0.757 0.288 0.743 0.591 Note: cog is cognitive ability, ext is externalizing behavior. Each letter/number is a decision, T=Transfer, D=Dropout Each factor is normalized to have Mean 0, Std 1



!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 9



P-value on t-test of differences in cognitive ability between 4-BA and 2-D-T-BA and 2-AA-T-BA paths were significant at the 1% confidence level in both datasets; similarly for externalizing behavior between the 4-BA and 2D-T-BA paths. The differences in externalizing behavior between the 4-BA and 2-AA-T-BA paths were not significant at conventional levels.
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5.



Estimation Methods



5.1. Postsecondary Attendance The first analysis estimates the probability of making each discrete choice on the decision tree (Figure 1) by characteristics and traits. A series of probit regressions are for each choice conditional on having reached a particular node, i.e. estimating the effects of individual characteristics on the probability someone chooses to transfer with an associate’s degree conditional on having started at a two-year college and earned an associate’s degree. 5.2. Wage Premia Several methods are used to determine how the chosen postsecondary path influences wage premia: 5.2.1. Ordinary Least Squares Estimation Given the above assumption of no uncertainty, with an additional, the assumption can estimate ∆T OT via OLS, as has been done in the literature. That assumption is: !



Assumption A-1. Y0 ⊥⊥ dk |X ∀k That is the outcomes are independent of treatment (path choice) given covariate vector



X, where X includes proxies for the unobservable traits θ. To get at entire path treatment effects, Mincer regressions of the form are estimated: log(wi) = βki + δ1experiencei + δ2experience2 + (αa Ai + α2Xi ) + εi



(7)



Where ki is, as defined previously, indicating the path of postsecondary schooling chosen. Experience is actual experience, calculated as full-time, full-year equivalent years of experience, that is cumulative hours worked divided by 2000.10 Ai is the vector of proxies for traits θi in order to account for as much ability bias as possible with observable characteristics. !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 10



2000 hours=50 weeks worked per year x 40 hours per week.
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Xi is a vector of individual characteristics meant to help control for selection that will be included in some specifications. The regression without Ai and Xi is estimated as a baseline. The node by node estimates are very similar: log(wi |D) = βdi + δ1experiencei + δ2experience2 + (αa Ai + α2Xi ) + εi i



(8)



except that the regressions are conditional on previous choices (conditional on making it to a specific node) and will have a binary indicator for the decision made at that node regardless of other decisions made in the future. 5.2.2. Matching As discussed in Section 4.2, sorting on ability and personality traits is apparent in postsecondary choices and could cause relatively few individuals be in the area of “common support” of the control variables. This implies that OLS estimates will be comparing outcomes of individuals who are not very similar. See for example Black and Smith (2004) who address the support problem when estimating the return to college quality. Propensity score matching can help to understand the extent of the support problem.11 Figure 1 graphs estimated propensity scores for each path versus high school graduates with no postsecondary education (propensity estimated by a series of binomial logits, see Section 5.2.2.1). One can see that some paths have larger areas of common support than others. Matching estimators have advantages over ordinary least squares estimators in that they do not assume linear functional forms, do not require that the error term is independent of the choices and personal characteristics, and take into account the support problem by comparing individuals who are most alike. Matching is not without its own critiques (and critics). However, Heckman, Ichimura and Todd (1997) and Heckman, Ichimura, Smith and Todd (1998) outlined !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 11



Using the propensity score to match is a form of reducing dimensionality of the matching problem. See Rosenbaum and Rudin (1983)
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several criteria which data must meet in order for matching estimators to have low bias (as compared to results from a randomized trial). They include: variable measurements should come from the same survey for treatment and control, ensuring that characteristics are measured in the same way for both treatment and control; and the data should include a rich set of variables that effect treatment choice and outcomes to ensure that compared individuals are as similar as possible. This analysis meets these criteria. Treatment and control groups are taken from the same dataset, and the NLSY data is rich and longitudinal in nature allowing for a rich set of variables effecting outcomes and educational choices, as shown by the vast literature12 using these datasets to estimate both. Each path in turn will be the “treatment” group, while high school graduates with no postsecondary education are always the “control” group. Matching has an advantage over OLS in that it does not rely on functional form assumptions and helps with support problems by comparing more like individuals. It does, however, still rely on the fact that Y (0), Y (1) D|X, that is selection is only on observables. 5.2.2.1



Practical Implementation Several decisions must be made when estimating matching models, including which



procedures to use to estimate the propensity score and how to determine matches. In the static version of this model, choices are multinomial – individuals have more than two options to choose between. The propensity scores can be estimated either with a multinomial model (i.e. multinomial probit) or a series of binary models between the no treatment choice (no postsecondary education) and each treatment choice (Lechner 2001). Lechner (2001) compares the multinomial approach to a series approach and finds that there is not much difference in their !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 12



See www.nlsbibliography.org for a complete bibliography of all papers using both cohorts. As of April 16, 2012, there were 4476 papers using the NLSY79 and 617 using the NLSY97 on a variety of topics showing the richness of these data.
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results, and implies that the series approach may be more robust to misspecification. This paper, therefore, uses a series of binomial logit models to estimate the propensity score. Figure 2. Propensity Score Densities
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Many options are available for implementing the matching algorithm and determining who counts as a “match”. Choosing an algorithm has trade-offs (Caliendo and Kopeinig 2005), however. This analysis follows Black and Smith (2004) and use an Epanechnikov kernel to construct matches. This methodology uses a weighted average of all individuals in the control group as a control, with the weights depending on the distance between the control member and the treatment group member in terms of propensity score. This allows for lower variance since more information is used, however it also could result in some possibly bad matches when individuals with very different propensity scores are included in the control group.
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5.2.3



Instrumental Variables Estimation The OLS and matching analysis address treatment effects for final paths, though still



likely suffer from some unobserved heterogeneity. One possible method for dealing with unobserved heterogeneity would be to look for instrumental variables. However, finding an instrument for an entire path would be difficult, as each path is made up of several decisions and no one policy or condition causes someone to make a sequence of choices. It is easier to find conditions or policies that effect how an individual makes a single decision. Thus, we can find instruments for the node specific treatments. Two two instruments are considered which may help understand wage premia difference at the two-year versus four-year college node. They are 1) Distance to community colleges, and 2) Tuition differences between four- and two-year colleges in a state. The logic is that individuals who live near a community college may be more likely to attend one, conditional on choosing college, and the assumption is that this closeness does not affect wages. This assumption makes the instrumental variables estimation valid and is similar to other papers that have used distance to college as an instrument. Similarly, areas where community colleges are cheaper relative to four-year public colleges may similarly induce college bound individuals to start at community college. Assuming that both instruments only move people towards enrolling in community college, then using these instruments for first enrolling in a two-year college will give us the local average treatment effect (LATE) (Imbens and Angrist 1994). That is, the effect of starting at a two-year college on wages for those induced into choosing to start a two-year college by either living close to a two-year college or by the fact that two-year college is relatively cheap compared to four-year public college.
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5.2.3.1. Data The tuition data come from the Integrated Postsecondary Education Data System (IPEDS) Institutional Characteristics Survey Tuition Data.13 State level tuition data is merged for two- and four-year public colleges in the United States. The year the individual started defines the instrument – as defined above, the instrument is four-year tuition minus two-year tuition in the state-year the individual started college. The college location data also comes from the IPEDS data which gives the county location of all colleges in the United States. The county location of all public two-year colleges in 2010 is used to define the instrument. 14 This may be a problem if some schools were not constructed until after the 1980s and thus for the NLSY79 cohort the analysis may assume they had a community college in their county when they did not. Unfortunately the IPEDS data does not have year of establishment. Most community colleges were built prior to 1974 and the number of community colleges in the United States has remained fairly steady ever since15, thus the problem should be minimal. 6.



Static Model Results



6.1. Postsecondary Attendance Tables 5 and 6 present results from the sequential probit regressions. Each column is a different probit and is conditional on having reached the previous node in the tree. T in the table stands for Transfer, so column T2 is the probability of transferring to a two-year college conditional on having started at a four-year college. !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 13



Data provided by the National Science Foundation (NSF) through its WebCASPAR Web site at: https://webcaspar.nsf.gov/. The IPEDS data is collected every year and tracks institutional characteristics of all postsecondary institutions in the United States. The WebCASPAR website contains he tuition portion of this data. 14 The IPEDS data used to access locations of community colleges comes from the National Center for Education Statistics (NCES) hosted at: http://nces.ed.gov/ipeds/datacenter/. The NCES version of the full version of the IPEDS data discussed in the previous footnote. 15 Author’s calculations from the Digest of Education Statistics Table 275 available at: http://nces.ed.gov/programs/digest/d10/tables/dt10_275.asp
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These results show that cognitive ability positively influences the probability of making each choice, while externalizing behavior has a negative effect, as expected. The more externalizing one or the less likely one is to start at a four-year college. As found in Cameron and Heckman (2001), after controlling for ability, Black and Hispanic students are more likely to attend college than White students. Black students in both cohorts are more likely than white students to start at a four-year college conditional on going to college. Males are less likely to earn associate’s degrees conditional on starting at two-year college. Interestingly, in the NLSY79 cohort males are more likely than females to transfer to four-year schools conditional on getting an associate’s degree whereas in the NLSY97 cohort they are less likely. 16 6.2. Ordinary Least Squares Results Table 7 presents results from the entire path estimation. Columns 1 and 4 show the results of this estimation with no controls for the NLSY79 in 1988 by 1988 path and NLSY97 in 2007, respectively. The omitted category is high school graduates with no postsecondary education so coefficients can be read as premia above wages for that group. We see generally positive returns for all paths over high school graduates with no postsecondary education, with the largest return for Bachelor’s earners who started at four-year colleges. In these specifications, bachelor’s degree earners who started at four-year colleges earn higher premia than those who started at two-year colleges. Some of these gains are likely due to selection into these paths. As such, the next columns include controls for cognitive ability as well as race, mother’s highest grade completed, and characteristics of the child’s home during adolescence, such as whether the family was intact or whether they lived in an urban area. All coefficients on paths decrease and some lose their !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 16



A t-test to test these differences all show that the differences discussed are significant at least the 10% confidence level.
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statistical significance. The next columns add controls for the non-cognitive traits measured by externalizing behavior. Interestingly, although externalizing behavior seems to affect educational decisions, it has little effect on wages once educational paths are controlled for, as coefficients do not decrease by much and the R-squared does not change much when this trait is added. In calculations not shown here, when a regression is run with only externalizing behavior and not cognitive behavior (similar to columns 2 and 6) the same effect appears with little or no change in coefficients or R-squared, indicating it is not just that externalizing behavior and cognitive ability may be correlated but that conditional on educational attainment, externalizing behavior in adolescence as little effect on wages as an adult. That is not to say, however, that noncognitive traits have no effect on the results. Column 4 adds in the self-efficacy measure from the NLSY79 and we again see that the coefficients decrease, indicating that previous results were still biased by some unobserved heterogeneity.
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Table 5.



Sequential PSE Choices by Characteristics - NLSY79



(1) (2) (3) (4) (5) (6) (7) PSE First 4 BA T2 AA T4—AA T4—No AA 0.226*** 0.131*** 0.200*** 0.028 0.117*** 0.096*** 0.059** (0.010) (0.014) (0.018) (0.021) (0.022) (0.035) (0.026) Externalizating -0.055*** -0.135*** -0.187*** -0.121** 0.013 -0.141** -0.065* (0.019) (0.029) (0.039) (0.055) (0.038) (0.058) (0.039) Male -0.092*** 0.019 -0.006 -0.028 -0.097*** 0.093** 0.037 (0.014) (0.021) (0.026) (0.033) (0.031) (0.039) (0.024) Black 0.269*** 0.182*** 0.052 -0.022 0.084** 0.097* 0.061* (0.017) (0.025) (0.033) (0.038) (0.042) (0.055) (0.035) Hispanic 0.232*** 0.022 -0.117*** -0.037 0.017 0.064 0.021 (0.025) (0.033) (0.042) (0.045) (0.046) (0.061) (0.045) MHGC 0.032*** 0.028*** 0.024*** 0.001 -0.006 0.025*** 0.024*** (0.004) (0.004) (0.005) (0.006) (0.007) (0.005) (0.005) Urban (14) 0.013 0.019 0.057* 0.083** -0.112*** 0.110*** 0.015 (0.017) (0.025) (0.032) (0.038) (0.035) (0.040) (0.034) Intact(14) 0.007 0.044* 0.013 -0.018 0.105*** 0.101** -0.016 (0.018) (0.026) (0.033) (0.036) (0.034) (0.044) (0.031) Observations 4,942 2,853 1,534 821 1,319 483 836 Standard errors in parentheses *** p
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Table 6.



Sequential PSE Choices by Characteristics - NLSY97



(1) (2) (3) (4) (5) (6) (7) PSE First 4 BA T2 AA T4—AA T4—No AA 0.181*** 0.188*** 0.106*** 0.022 0.047*** 0.137*** 0.071*** (0.006) (0.009) (0.014) (0.018) (0.015) (0.029) (0.018) Externalizating -0.062*** -0.056*** -0.043** 0.015 -0.038** -0.016 -0.034** (0.008) (0.011) (0.017) (0.019) (0.016) (0.036) (0.016) Male -0.117*** -0.039*** -0.083*** -0.026 -0.056** -0.012 -0.049** (0.010) (0.014) (0.020) (0.026) (0.022) (0.045) (0.024) Black 0.093*** 0.108*** -0.094*** 0.044 -0.055* 0.159** -0.076** (0.015) (0.020) (0.028) (0.032) (0.032) (0.063) (0.033) Hispanic 0.051*** -0.037 -0.123*** 0.108*** -0.019 0.107* -0.072** (0.018) (0.023) (0.033) (0.037) (0.032) (0.064) (0.034) MHGC 0.029*** 0.023*** 0.018*** 0.002 -0.001 -0.007 0.007 (0.003) (0.003) (0.004) (0.005) (0.004) (0.010) (0.005) Urban (12) 0.041*** -0.007 0.024 -0.044 -0.089*** 0.044 0.023 (0.012) (0.016) (0.022) (0.028) (0.024) (0.047) (0.027) Intact (14) 0.056*** 0.097*** 0.058*** 0.028 0.032 0.024 0.013 (0.012) (0.015) (0.023) (0.027) (0.023) (0.047) (0.024) Observations 4,365 2,746 1,533 671 1,213 290 923 Standard errors in parentheses *** p
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Table 7.



Log Hourly Wages by Path



VARIABLES Two AA Two AA T D Two D T BA Two AA T BA Four D Four D T AA Four BA YearsExp YearsExp2 Constant Observations R-squared Controls



(1) NLSY79 (0.031) 0.241*** (0.059) 0.309*** (0.084) 0.235*** (0.091) 0.338*** (0.108) 0.091*** (0.035) 0.083 (0.129) 0.407*** (0.033) 0.123*** (0.015) -0.004*** (0.001) 1.834*** (0.056) 3,725 0.148 No



(2) NLSY79 (0.034) 0.194*** (0.060) 0.228** (0.093) 0.096 (0.097) 0.215* (0.110) 0.022 (0.040) 0.017 (0.137) 0.267*** (0.047) 0.112*** (0.014) -0.004*** (0.001) 1.682*** (0.093) 3,725 0.199 Cog



(3) NLSY79 (0.034) 0.194*** (0.060) 0.225** (0.094) 0.094 (0.098) 0.213* (0.110) 0.021 (0.040) 0.016 (0.137) 0.264*** (0.049) 0.112*** (0.014) -0.004*** (0.001) 1.682*** (0.094) 3,725 0.199 All



27



(4) NLSY79 (0.036) 0.185*** (0.061) 0.233** (0.093) 0.090 (0.099) 0.189* (0.110) 0.009 (0.042) 0.033 (0.142) 0.251*** (0.051) 0.113*** (0.014) -0.004*** (0.001) 1.708*** (0.095) 3,549 0.208 All+Self



(5) NLSY97 (0.041) 0.151** (0.060) 0.212 (0.140) 0.209** (0.083) 0.283*** (0.082) 0.106** (0.048) 0.162** (0.079) 0.259*** (0.036) 0.100*** (0.019) -0.003*** (0.001) 2.043*** (0.085) 3,830 0.059 No



(6) NLSY97 (0.043) 0.125* (0.064) 0.184 (0.151) 0.174* (0.093) 0.211** (0.085) 0.070 (0.053) 0.114 (0.095) 0.192*** (0.047) 0.095*** (0.022) -0.003** (0.001) 1.994*** (0.130) 3,355 0.073 Cog



(7) NLSY97 (0.043) 0.131** (0.064) 0.187 (0.152) 0.182** (0.093) 0.217** (0.085) 0.078 (0.053) 0.121 (0.096) 0.203*** (0.047) 0.091*** (0.022) -0.003** (0.001) 2.018*** (0.130) 3,355 0.075 All



! (1) (2) (3) (4) (5) (6) (7) NLSY79 NLSY79 NLSY79 NLSY79 NLSY97 NLSY97 NLSY97 0.047 0.024 0.024 0.017 0.066 0.021 0.026 (0.031) (0.034) (0.034) (0.036) (0.041) (0.043) (0.043) Two AA 0.241*** 0.194*** 0.194*** 0.185*** 0.151** 0.125* 0.131** (0.059) (0.060) (0.060) (0.061) (0.060) (0.064) (0.064) Two AA T D 0.309*** 0.228** 0.225** 0.233** 0.212 0.184 0.187 (0.084) (0.093) (0.094) (0.093) (0.140) (0.151) (0.152) Two D T BA 0.235*** 0.096 0.094 0.090 0.209** 0.174* 0.182** (0.091) (0.097) (0.098) (0.099) (0.083) (0.093) (0.093) Two AA T BA 0.338*** 0.215* 0.213* 0.189* 0.283*** 0.211** 0.217** (0.108) (0.110) (0.110) (0.110) (0.082) (0.085) (0.085) Four D 0.091*** 0.022 0.021 0.009 0.106** 0.070 0.078 (0.035) (0.040) (0.040) (0.042) (0.048) (0.053) (0.053) Four D T AA 0.083 0.017 0.016 0.033 0.162** 0.114 0.121 (0.129) (0.137) (0.137) (0.142) (0.079) (0.095) (0.096) Four BA 0.407*** 0.267*** 0.264*** 0.251*** 0.259*** 0.192*** 0.203*** (0.033) (0.047) (0.049) (0.051) (0.036) (0.047) (0.047) YearsExp 0.123*** 0.112*** 0.112*** 0.113*** 0.100*** 0.095*** 0.091*** (0.015) (0.014) (0.014) (0.014) (0.019) (0.022) (0.022) YearsExp2 -0.004*** -0.004*** -0.004*** -0.004*** -0.003*** -0.003** -0.003** (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) Constant 1.834*** 1.682*** 1.682*** 1.708*** 2.043*** 1.994*** 2.018*** (0.056) (0.093) (0.094) (0.095) (0.085) (0.130) (0.130) Observations 3,725 3,725 3,725 3,549 3,830 3,355 3,355 R-squared 0.148 0.199 0.199 0.208 0.059 0.073 0.075 Controls No Cog All All+Self No Cog All Standard errors in parentheses *** p
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Table 8.



Log Hourly Wages by Node - NLSY79



VARIABLES Transfer 4-year Earn AA



(1) PSE



(2) First 4



(3) BA



(4) T2



(6) T4—AA 0.021 (0.101)



(7) T4—No AA 0.045 (0.071)



0.101** (0.040)



Transfer 2-year -0.054 (0.079)



Earn BA 0.204*** (0.041)



First 4-year College



(5) AA



0.058** (0.027)



0.082*** (0.030) 1.628*** 1.629*** 1.625*** 1.597*** 1.579*** 1.546*** 1.725*** (0.080) (0.094) (0.111) (0.183) (0.152) (0.268) (0.147) Observations 4,786 2,784 1,495 795 1,289 481 808 R-squared 0.213 0.202 0.245 0.204 0.200 0.171 0.256 Standard errors in parentheses *** p
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Table 9.



Log Hourly Wages by Node - NLSY97



VARIABLES Transfer 4-year Earn AA



(1) PSE



(2) First 4



(3) BA



(4) T2



(5) AA



(6) T4—AA 0.089 (0.091)



(7) T4—No AA 0.196** (0.081)



0.103* (0.054)



Transfer 2-year 0.110 (0.100)



Earn BA 0.125** (0.054)



First 4-year 0.059 (0.039)



College



0.114*** (0.034) 2.007*** 1.962*** 1.875*** 2.062*** 2.150*** 1.845*** 2.233*** (0.130) (0.162) (0.209) (0.403) (0.252) (0.328) (0.304) Observations 3,441 2,278 1,312 556 966 252 714 R-squared 0.069 0.069 0.091 0.073 0.056 0.082 0.067 Standard errors in parentheses *** p


The most complete results, in columns 4 and 7, illuminate several facts. Two- and fouryear dropouts do not earn significantly more than high school graduates with no postsecondary education. Both bachelor’s and associate’s degree earners receive significant premia over those with no postsecondary education, but controlling for ability and family background, these premia drop across the cohorts. Bachelor’s degree earners who started at two-year colleges and received an associate’s degree earn less than bachelor’s degree earners who started at four-year colleges in the NLSY79 cohort, but in the NLSY97 the returns are not significantly different. Finally, though it appears that even without a bachelor’s degree, associate’s degree earners who transfer to four-year colleges get higher premia than those who did not transfer, however, those differences are not statistically significant.17 !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 17



Unless otherwise stated, all discussed differences are considered significant at least the 10% level.
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Tables 8 and 9 present results from the node by node analysis for the NLSY79 and the NLSY97, respectively. The column titles indicate the upper path (choice) available to the individual at that node. Each regression is conditional on the individual having reached the node. So, for example, Table 8 column 2 can be read as the wage premia for those that choose to start at a four-year school, conditional on going to college at all, with those starting at two-year colleges as the omitted category. These node by node results give the expected result that those who choose college over no college earn significant wage premia. However, the previous results showed that this coefficient includes premia from many different subsequent paths, not all of which will earn significant returns. Both cohorts show that those that first enroll in four-year colleges instead of two-year colleges will earn approximately six percent higher wages on average. These results will be important when discussing the instrumental variables (IV) strategy results in the following sections. Not surprisingly, bachelor’s and associate’s degree earners earn significantly more than four- and two-year dropouts, respectively. As discussed previously, several problems may arise that question the validity of these OLS results, which include 1. Support problems due to sorting, 2. Remaining unobserved heterogeneity (selection), and 3. Static nature of the model. The next two sections look at matching and the instrumental variables (IV) strategy to help understand the impacts of support problems and selection on the results. Section 8 considers results from a dynamic estimation. 6.3. Matching Results Tables 10 and 11 show results from the matching analysis, as well as from individual OLS regressions for comparison. Matching results give us the average treatment effect (ATE),
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treatment on the treated (TOT), and treatment on the untreated (TUT). Standard errors were estimated through bootstrap. For the most part, OLS and TOT parameters are relatively similar. These results indicate that the support problem was not biasing OLS as much as it might be thought, as estimates do not differ greatly. Similar conclusions can be drawn as in the OLS analysis where two- and fouryear dropouts do not earn significant premia over those with no college. Associate’s and bachelor’s degree earners do earn significant premia (p


Table 11. Propensity Score Matching - NLSY97 2D



2AA 2AATD 2DTBA 2AATBA 4D 4DTAA 4BA 0.05 0.12 0.03 0.31*** 0.26** 0.06 -0.14 0.13** (0.05) (0.08) (0.10) (0.11) (0.10) (0.05) (0.17) (0.06) TOT 0.04 0.16** 0.20*** 0.13 0.23** 0.07 0.05 0.18** (0.05) (0.07) (0.06) (0.08) (0.10) (0.06) (0.09) (0.07) TUT 0.05 0.11 0.02 0.33*** 0.27* 0.06 -0.16 0.23*** (0.05) (0.08) (0.11) (0.09) (0.14) (0.05) (0.18) (0.07) OLS 0.07* 0.16** 0.23*** 0.20** 0.25** 0.08 0.09 0.20*** (0.04) (0.06) (0.08) (0.09) (0.10) (0.05) (0.10) (0.05) Note: Standard errors for treatment effects calculated through bootstrap, 50 iterations. OLS shown for comparison, run with same controls as propensity score calculation. ATE
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6.4. Instrumental Variables Results The first thing one must check before running an instrumental variables regression is whether the proposed instruments actually predict the outcome we are instrumenting for. Table 12 shows results from this analysis, where we regress whether an individual started at a twoyear college, conditional on going to college, on the proposed instruments. In both cohorts having a community college in your county the year you start college significantly increases the probability you start at a two-year college, by about seven percent in the NLSY79 and nine percent in the NLSY97. Tuition differences, however, seem to only matter in the earlier cohort where a one standard deviation increase in the difference between four-year and two-year public tuitions in your state in the year you start college increases your probability of starting at community college by seven percent. Tuition differences do not predict type of college started at in the NLSY97, however. The first stage F-statistics for all regressions in the NLSY79, and for only community college in county in the NLSY97, pass the weak instruments test of Stock and Yogo (2005). In the following analysis I do not use tuition differences in the NLSY97 as an instrument as it appears to be a weak instrument. Recall from Tables 8 and 9 that those that start at two-year colleges were at a disadvantage in terms of log wages compared to those that started at two-year colleges in both datasets (though the difference was only statistically significant for the NLSY79). Those that started at four-year colleges earn on average about six percent more than those who started at two-year college conditional on going to college. The IV results for this regression are in Table 13. The coefficient estimates are largely positive, though only one is statistically significant. The point estimates imply that if anything those induced into starting in two-year colleges by the instrument are better off than those that that started at four-year colleges. This implies a possible
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heterogeneity in treatment effects of postsecondary choices that needs to be explored further in future work. Table 12. Probability First Enrolled Two-year Conditional on College (3) (4) (5) (6) NLSY79 NLSY97 NLSY97 NLSY97 0.073*** -0.009 -0.007 (0.016) (0.011) (0.011) Comm. College in County 0.156*** 0.165*** 0.087*** 0.087*** (0.038) (0.038) (0.026) (0.026) Constant 0.492*** 0.472*** 0.403*** 0.562*** 0.507*** 0.510*** (0.081) (0.082) (0.082) (0.063) (0.066) (0.066) Observations 1,104 1,104 1,104 1,866 1,866 1,866 R-squared 0.082 0.084 0.105 0.177 0.183 0.183 F-stat 18.15 16.83 18.91 0.594 11.61 5.927 Note: Standard errors in parentheses. All second stage controls are included in first stage regressions including demographic characteristics, cognitive ability, and externalizing behavior. Both tuition differences and community college in county are measured in the year the individual started college. Tuition differences are standardized so that the coefficient can be read as the effect of a 1 standard deviation increase in the tuition difference. VARIABLES Tuition Difference



(1) NLSY79 0.069*** (0.016)



(2) NLSY79



Table 13. IV Regression: Log Hourly Wages on First Enrolled Two-year NLSY79 NLSY97 (1) (2) (3) (4) (5) (6) OLS IV:Tuit Diff IV:County IV:Both OLS IV:County VARIABLES First Enrolled 2 Year -0.058** 0.102 0.375* 0.243 -0.066* 0.323 (0.027) (0.201) (0.227) (0.152) (0.038) (0.467) Constant 1.841*** 1.755*** 1.604*** 1.677*** 2.058*** 1.840*** (0.072) (0.146) (0.150) (0.122) (0.128) (0.292) Observations 1,953 1,104 1,104 1,104 1,869 1,866 R-squared 0.197 0.145 0.023 0.096 0.066 0.004 Note: Dependent variable is log hourly wages in 1988 or 2008 respectively. First enrolled two-year is instrumented for, see first stage results. Both instruments are measured in the year the individual started college. Only instruments with high enough first stage F-statistics are presented.



9.



Conclusion The results from these analyses shed light on labor market effects of different college



experiences. The results show substantial heterogeneity in the wage premia for different postsecondary paths, with dropouts from either institution earning statistically similar wages as high school graduates who did not go to college. In addition, in some cases, differing paths to the same final degree have different average wage premia. The instrumental variables imply that
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there may be heterogeneity in the treatment effects of different wage paths. Observable characteristics, particularly cognitive and non-cognitive traits have significant effects on the probability of each decision at each node of postsecondary education. In particular, higher cognitive ability made it more likely that an individual chose to go to college, chose a four-year college, completed their degree, and transferred if first enrolled in a two-year college. Externalizing behavior had the opposite effect. Blacks and Whites had different attendance patterns, with Blacks more likely to attend four-year colleges than White students, conditional on going to college. Males, regardless of race, are less likely to go to college, but are no different than females in what type of college they choose. Given these differences in observable characteristics by decision, controlling for their effects was important when estimating wage premia. Controlling for observable characteristics via OLS showed that wage premia for postsecondary paths vary greatly depending on the path taken. Those who start at 4 year colleges and earn bachelor’s degrees do earn large returns over those who do not go to college, as is often touted by the popular press. While other paths often give positive returns, these premia tend to be smaller than the traditional path, and for the case of two- and four-year dropouts, the wage premia are very close to 0. In most specifications, individuals who earned bachelor’s degrees but started at two-year colleges earned different premia than those that started at four-year colleges, indicating that these paths may not be perfect substitutes. For the most part, results were similar across the NLSY79 and the NLSY97 cohorts, except that it appears most premia have decreased, conditional on ability. Although there is significant sorting into paths, the support problems that this could cause did not bias the OLS results. Matching results from propensity score methods show similar results to OLS. One precaution, however, is that results tended to differ across different types of
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estimation. When considering the effect of starting at a two-year college versus a four-year college, OLS and IV results are quite different. OLS results indicated negative effects of starting at a two college while the IV results had large, positive coefficients. This indicates there may still be additional unobserved heterogeneity not taken into account in these models, or there may be significantly heterogeneous treatment effects that need to be explored further. These results both add to and bolster results from previous literature. Previous literature found significant returns for associate’s and bachelor’s degree earners, which this analysis confirms. Additional paths not available in the previous literature have also been added. First, bachelor’s degree earners who start at two-year colleges earn similar though slightly lower returns than those at four-year colleges in the NLSY79 cohort but by the NLSY97 are more similar. Secondly, it was demonstrated that those who transfer and complete a bachelor’s after earning an associate’s degree don’t earn significantly more than those that do not transfer to earn a bachelor’s degree. Results from previous literature are bolstered by the fact that matching and OLS results do not differ greatly, implying less of a chance that those results suffered bias from support problems. The results of this analysis are important for the literature on the returns to college because they show that “college” can be a very individualized experience. Not everyone attending college will earn the same returns; they vary by the path taken, and different sorts of individuals take those paths. By better understanding the college experience and the returns to different college experiences in the United States, postsecondary education policy can be better informed. Given this substantial heterogeneity across paths and within paths, better counseling and screening for individuals before they go to college is one possible policy implication. Better
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assessment of which particular college path will lead to the most successful outcomes for individuals may prevent high numbers of dropouts. This is particularly important because the results show that both two- and four-year dropouts are not earning significantly more than individuals who never went to college.
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