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Abstract

Prior studies find that undergraduate major choices are responsive to earnings associated
with those majors, but weakly suggests that responsiveness has dropped over time. Using
data on college graduates from 1973 to 2013, we find that responsiveness of major choice to
labor market returns has weakened over time. The weakening response is due to changes
within demographic groups rather than demographic changes in the college graduate pop-
ulation over time. If the goal is to maintain or increase the alignment between college
major and labor market returns, incentivizing undergraduates to select high-earning majors

is necessary.
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I. INTRODUCTION

The labor market returns associated with different college majors vary widely (Carnevale
et al., 2012; Altonji et al., 2016). The gap in average earnings between majors is comparable
to the gap in average earnings between college graduates and those with only high school
degrees (Carnevale et al., 2012). In this context, there is a common popular narrative that

¢

students increasingly choose “worthless” majors - majors that will provide them with a low
return on their educational investment.

The determinants of college major choice are varied and involve both financial and non-
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financial considerations. Students may choose a given major because they enjoy the class-
room experience that a particular major offers (Wiswall and Zafar, 2015), because of their
comparative skill or likelihood of success in the major or related occupations (Stinebrickner
and Stinebrickner, 2014; Altonji et al., 2016), and /or for reasons of parental encouragement.
Of all of the reasons to choose a major, however, labor market returns could be the most
consequential for a student’s adult socioeconomic standing. Students who choose less lucra-
tive majors may be unable to easily pay back student loans, which have increased over time
(Chen and Wiederspan, 2014), or they may find themselves with uncertain labor market
positions. Financial instability in young adulthood is linked to savings capacity and educa-
tional debt, and also has implications for many later life outcomes, such as marriage timing
(Dew and Price, 2011; Addo, 2014). There is thus reason to be concerned if students are
disregarding the labor market consequences of their major choice decisions.

Responsiveness of students to potential future earnings associated with major choice is
also a matter of interest for institutions of higher education. In light of large differences in
earnings returns for different majors, and with some additional public policy preference for
STEM fields regardless of their personal financial return, several higher education policies
have been proposed or enacted to guide students towards certain majors, often with the
stated goal of aligning degree production with the labor market. As Altonji et al. (2016)
points out, these policies have moved forward in the United States at the federal level (Scott,
2013), at the state level in places like Florida (Alvarez, 2012) and New York (Chapman,
2014), and at the institutional level (Stange, 2015).

We, therefore, analyze college major choice elasticity - the extent to which college major
choices are responsive to earnings associated with those majors - paying particular attention
to changes over time in this elasticity from the 1970s to the early 2010s. We follow the
approach of Long (2004), who studies the changing response of student matriculation to
tuition over time. We examine samples of bachelor’s degree completers in five nationally

representative data sets (NLS:72, NLSY:79, NELS:88, NLSY:97, ELS:2002). Major and



occupation data from these five data sets are connected to the Current Population Survey
to construct anticipated labor market returns to majors in each year, and we investigate
how student major choice responds to these anticipated labor market conditions. We look at
major choice responses to mean and median wages, to inequality in the earnings distribution
(using standard deviation of wage and the 90/10 ratio), to the unemployment ratio, and to
the concentration of majors within occupations (using a major-occupation Gini coefficient).

Our focus on college major choice elasticity mirrors a growing literature (Arcidiacono,
2004; Long et al., 2015; Arcidiacono et al., 2011; Boudarbat and Chernoff, 2009; Stinebrickner
and Stinebrickner, 2011; Beffy et al., 2012, e.g.), which generally finds that the response of
major choice to earnings is positive but somewhat weak. This literature does not attempt to
estimate how this relationship has changed over time, which is an important question given
that much of the policy focus on the labor alignment of major choice is recent and that the
demographic makeup of college graduates has changed considerably in recent years as higher
education has become more available to groups that were traditionally excluded. Earlier
studies of major choice, using data from the 1960s and 1970s, did tend to find somewhat
stronger responses to earnings (Fiorito and Dauffenbach, 1982; Berger, 1988; Montmarquette
et al., 2002), but their results are not methodologically consistent with more recent studies
and are therefore hard to compare. Understanding the relationship between anticipated
earnings and student major choice, and whether policy measures should be adjusted to
create better alignment between the two, should rely on an assessment of whether current
undergraduate major choice behavior is a new phenomenon or just newly recognized.

We find that the response of major choice to mean and median wages has weakened
over the past four decades, with the elasticity reducing sharply and then rebounding, for a
beginning-to-end reduction in response to mean and median wages by half. We also show
that inequality in the earnings distribution has shifted from being a positive predictor of
major choice to a null predictor. The influence of several other predictors - unemployment

and the strength of the link between majors and particular occupations - fluctuates from



cohort to cohort but does not follow an obvious time trend. However, these relationships
between labor market conditions and major choice were not strong even in the 1970s. Major
choice decision-making has thus been typified by a weak response to labor market conditions,
and that response has become even weaker over time. We attempt to explain declining
responsiveness of major choice to labor market conditions using the major shifts in college
graduate demographics across time, but do not find that variations in student demographics

are responsible for the change.

II. DATA AND METHODS

For this project, we combine data from five longitudinal data sets with earnings data from
the Current Population Survey (CPS) in order to link observed wages in the CPS with major
choice in the longitudinal data.

Major choice data is drawn from bachelor’s degree holders graduating in the National
Longitudinal Study of the High School Class of 1972 (NLS72, n=5,778 subjects born 1950-
1956), the National Longitudinal Survey of Youth 1979 (NLSY79, n=3,189 subjects born
1957-1965), the National Education Longitudinal Study (NELS88, n=3,974 subjects born
1972-1975), the National Longitudinal Survey of Youth 1997 (NLSY97, n=1,917 subjects
born 1981-1985), and the Education Longitudinal Study of 2002 (ELS02, n=5,228 subjects
born 1983-1987). These data sets span four decades and allow for changes across cohorts
to be tracked. The primary variable of interest we draw from these data sets is the college
major with which someone earns a bachelor’s degree.! We consider only bachelor’s degree
holders in our analysis.?

All majors are incorporated into one of seven categories: Health (11.51% across all

'Double majors, which are rare, are assigned to whichever major is listed first in the data for analyses of
major choice. When linking major to occupation, double majors are effectively counted as two people.

2This means that we cannot incorporate differentials in dropout rates across college majors. We do not
have data on majors chosen but not completed in most of these data sets.



data sets), Business (20.46%), Education, (10.94%), Arts & Humanities (19.27%), STEM
(15.97%), Social Sciences (16.40%), and Professional Programs (5.45%). While this approach
loses some detail in the choices made by students, it avoids small cell size issues, handles
specific majors that appear or disappear over time, adjusts for differing levels of detail in
college major data across data sets, and eases the econometric strain faced by choice models
estimated with large numbers of options. For many of these reasons, other studies in the
major choice literature also aggregate college major categories (e.g. Arcidiacono, 2004; Ar-
cidiacono et al., 2011; Beffy et al., 2012; Baker et al., 2016; Hastings et al., 2017). Figure
1 shows the relative popularity of each major category according to birth year. There is
significant variation across the sample window in the popularity of each major category.

Figure 1: Popularity of Major Categories by Birth Year
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To avoid noisy results from uncommmon birth years at the beginning or end of a data set sample, 1956 is
reassigned to 1955, 1972 to 1973, 1975 to 1974, and 1987 to 1986.

The focal variable of interest is field of study for bachelor’s degree holders, which could
potentially be collected from cross-sectional data. However, large cross-sectional data sets for
the United States generally do not collect information on college major. Also, longitudinal
data allow us to incorporate family background and high school performance characteristics

unavailable in cross-sectional data, and to track actual occupations and earnings later in



life. In addition to college major, we collect several characteristics available in all five data
sets: gender, race, mother’s education, family income, and high school test score. Because
detail of racial categories differs across data sets,® we reduce racial differences to white versus
non-white. Mother’s education is collapsed to four categories: no high school degree, HS
degree, some college, and college graduate. Family income and pre-college math and verbal
test scores are recorded as quartiles relative to the entire sample, including those who do not
receive bachelor’s degrees, allowing the analysis to track how the makeup of college graduates
relative to the population has changed over time.*

Table 1 shows how the demographic makeup of college graduates changes across the five
data sets. In this table we see reflected standard stylized facts about changes in the United
States higher education system. The proportion of women grows steadily over time, to near
60% in recent cohorts. As the population earning BAs grows overall, we see more students
from lower levels in the high school test score distribution. As education levels rise overall,
we see the education level of mothers increasing as well. BA holders come increasingly from
the higher part of the family income distribution over time, with the exception of the ELS02
sample, which is an outlier in this regard.

In order to estimate the relationship between college major choice at a given point in time
and the future labor market consequences related to that choice, it is necessary to estimate
future earnings for each college major. There is not a single settled approach to doing so
in the literature on college major choice. Students appear to take cues about occupation
and major-linked earnings from previous cohorts (Freeman, 1975; Long et al., 2015), and
so actual future realized earnings are not ideal. Unfortunately, large-scale data that links
current earnings to the field of study of current workers is only available for recent cohorts,

such as in the American Community Survey.

3Detail of racial categories differs across data sets; in particular, very few Asian subjects can be cleanly
identified in NLS72, NLSY79, and NELSS88. In effect, we just compare white to non-white groups.

4Test scores are from the ASVAB for NLSY79, NELS88, and NLSY97, and are standardized exams from
the researchers for NLS72 and ELS02.



Table 1: Demographics of BA Holders Across Samples

NLS72 NLSY79 NELS88 NLSY97 ELS02

Female 0.480 0.531 0.565 0.576 0.571
White 0.846 0.709 0.760 0.693 0.667
Family Income

Quartile 1 0.174 0.118 0.112 0.096 0.183
Quartile 2 0.183 0.189 0.221 0.167 0.152
Quartile 3 0.263 0.264 0.239 0.291 0.394
Quartile 4 0.381 0.430 0.428 0.446 0.271
High School Test Score

Quartile 1 0.046 0.046 0.046 0.027 0.051
Quartile 2 0.135 0.130 0.145 0.142 0.149
Quartile 3 0.277 0.279 0.294 0.282 0.309
Quartile 4 0.541 0.545 0.514 0.548 0.491

Mother’s Education
Less than HS 0.142 0.214 0.050 0.085 0.051

HS Degree 0.383 0.442 0.260 0.252 0.185
College, No BA  0.256 0.163 0.240 0.28 0.313
BA or More 0.218 0.181 0.450 0.383 0.451

In this study, we use a two-step approach to estimating future earnings where we link
college major to occupation, and then occupation to earnings. This approach follows Long
et al. (2015). First, we construct a matrix of weights linking college major to actual future
occupation within each data set.’> For example, if 10% of Business majors in NLS72 become
mid-level managers, and 20% of Business majors in NLSY79 become mid-level managers,
then the “mid-level manager” column receives a .1 weight in the “Business major” row of the
NLS72 major-occupation matrix, and a .2 weight in the NLSY79 major-occupation matrix.

Then, we use Current Population Survey (CPS) Merged Outgoing Rotation Group data
for bachelor’s degree holders between the ages of 25 and 35 from 1968-2016 to calculate
unemployment rates and features of the wage distribution (mean, median, etc.) for each
occupation in each year. We perform these calculations separately by gender. Finally, we

use the major-occupation matrix weights to aggregate together these occupational results,

5We use the simplified SOC occupation coding used in NELS88, which lists 39 different occupations, since
it is the most general occupation coding among our data sets, and avoids small cell issues.



producing major-year specific anticipated unemployment rates and features of the wage
distribution.

We also use the major-occupation matrix to construct a Gini coefficient for each major,
measuring how concentrated the graduates of each major are within particular occupations.
Majors that are more concentrated within occupations have higher Gini coefficients, whereas
majors that are distributed more equally across occupation, have lower Gini coefficients.
For example, nursing majors have a strong tendency to become nurses and so the nursing
major (used as a hypothetical example here) would have a very high Gini coefficient, whereas
history majors head into a wider array of occupations and would have a lower Gini coefficient.
Notably, since the major-occupation matrix is constructed at the dataset level, variation in
the Gini coefficient is at the major-dataset level, rather than major-year as it is for other
variables.

This wage-prediction approach leads to wages that do indeed predict later-life outcomes.
We check that this is true by looking at realized wages of students in the sample. We regress
their actual log wages at or near age 30 on the log mean wages associated with the major they
graduated in at the time they chose their major. The linear coefficient is .602 for NLS72,
.828 for NLSY79, .838 for NELS88, and .863 for NLSY97. All four coefficients are significant
at the 1% level. We did not test ELS02 because students were not near age 30 at the latest
follow-up survey. The relationship between predicted and actual wages is somewhat weaker
for NLS72, but is a consistently effective predictor for NLSY79, NELS88, and NLSY97.

With these data in hand, we estimate major choice models using conditional logit spec-
ifications. Each model predicts the probability that the student ¢ will choose major m out
of the full list of seven, using one feature W,,, of the anticipated labor market consequences
of choosing that major as a predictor. We use mean wage, median wage, standard deviation

of wage, 90/10 ratio, and unemployment.® In practice, results are nearly identical for mean

6To avoid unintuitive estimates in the normal-distribution tails of the random effect preference distri-
butions, the effects of mean and median wage on choice are constrained to be positive, and the effect of
unemployment is constrained to be negative.



wage and median wage, and for standard deviation of wage and the 90/10 ratio, and so we

only present results concerning the mean wage, the 90/10 ratio, and unemployment here.

m Wm
d=1

where Y)* is a latent variable and Pr(Y! = maz{Y}", Y5, ...Y-}) indicates the probability

(2)

of choosing major m from the list of seven major types. The model is estimated using the
hierarchical Bayes (HB) algorithm (Rossi et al., 2005; Sawtooth Software, 2009; Sermas,
2014). The HB algorithm allows the coefficients a,, and  to follow a random distribution
over the students correlated with a set of individual characteristics X;, which include gender,
white/nonwhite status, and indicators for family income quartile, standardized test score

quartile, mother’s education, and data set.

Boe ~ N (Yoo + Xiboe + fioe; Xg,) ¥V ¢ € {1,2,...7} (3)
ﬁl NN(71+Xi51+/vL17251) (4>

These random effects allow the individual-level response to anticipated labor market
earnings, as well as the baseline preference for each major type (8o,,) to vary across demo-
graphics and, with the data set indicators, across time. Random effects allow the error terms
€;m to be correlated across major options, relaxing the independence of irrelevant alterna-
tives assumption in basic conditional logit analysis (McFadden and Train, 2000). Further,
the Markov Chain Monte Carlo algorithm produces individual Sy, and S, coefficient draws
for each individual, allowing each individual to have their own response to each anticipated
labor market feature.

The identification of the preference parameters is not based on clearly exogenous varia-

tion in major-specific earnings, or wage shocks. Rather, identification follows from cross-year



variation in major-specific earnings. By analogy to a linear model, identification is similar to
what would be achieved by regressing choice on major-specific earnings with major-specific
random effects. If students are more likely to pick a given major in a year where that major’s
wages look better than they normally do, relative to other majors, then the model will esti-
mate a positive coefficient on wages. Without exogenous variation in anticipated earnings, it
is not clear that the model estimates “preference parameters,” specifically, without further
assumptions. However, the estimates are well aligned to answer the question of whether stu-
dent choice is aligned with labor market demands, which is a policy question of considerable
interest. We refer to our estimates as “responses” or “elasticities” on this basis.

Individual coefficient draws, as estimated using the hierarchical Bayes algorithm applied
to Equation 2, are used to calculate marginal effects of each labor market feature for each in-
dividual. We then compare these marginal effects to see whether major choice responsiveness

varies across individuals and changes over time.

III. RESULTS

II1.i. CHANGES IN THE EFFECT OF LABOR MARKET CON-

DITIONS ON MAJOR CHOICE OVER TIME

Figure A.4 shows changes in the average marginal effect of mean wage, the 90/10 wage ratio,
unemployment, and the major-occupation Gini coefficient across the five samples. Sample
distributions of each of the coefficients can be found in Appendix Appendix A.” Changes
across time in the average marginal effect of median wage are substantively the same as
for mean wage, and changes in the average marginal effect of the standard deviation of

wage and the 90/10 ratio are the same, and so median wage and standard deviation are not

"Given that the estimated model is Bayesian, these distributions are presentation of results that best
fits the model; frequentist mean comparisons and regressions are used here and in following sections for
simplicity of presentation and for the intended audience.
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Figure 2: Changes in Average Marginal Effects Across Samples
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shown. Changes across time in responsiveness to first-differenced year-to-year wage changes
are shown in Appendix Appendix A, and do not follow an obvious time trend. Additionally,
results are nearly identical if demographic controls are included. The relationship between
demographics and average marginal effects is examined later in Table 2.

In Table A.4 we see meaningful change across time in the relationship between the labor
market implications of different majors and their popularity. The difference in average
marginal effects from one sample to the next is always statistically significant at the 99%
level.

Student response to mean wages does get weaker over time, although the change is not

monotonic. The average marginal effect of log mean wages is highest in the earliest sample of
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NLS72 at .06229, which translates to an elasticity of about .44.% Later samples have smaller
responses, with elasticities of .14 in NLSY79, .19 in NELS88, and only .03 in NLSY97. The
effect rebounds somewhat for the ELS02 sample, with an elasticity of about .26. So, relative
to the NLS72 sample, the response to mean wages has gotten weaker, but relative to the
samples of NELS88 and NLSY97, there is some recovery in the effect. Excluding NLS72,
however, the trend is slightly upwards.

Responsiveness to unemployment shows less movement. Students respond most strongly
to unemployment in ELS02 and NLSY 79, and less strongly in NLS72, NELS88, and NLSY97.
While there are differences between years here, there is not any indication of a strong time
trend, as the response to unemployment rises and falls from sample to sample. The pattern
does not appear to strongly align with periods of US recession, as we might expect if students
become more labor-market aware during times of economic downturn (Blom et al., 2017).
Similarly, the response to the Gini coefficient seems flat, with the exception of the transition
from NLS72 to NLSY79. In NLS72, students were more likely to choose a major that led
overwhelmingly to specific majors. Afterwards, choices lean towards majors that lead to a
broader array of occupations. But this tendency remains relatively flat over time, getting
more negative for NELS88 and NLSY97 but retreating towards 0 for ELS02.

The response to the 90/10 ratio follows a strong time trend, on the other hand. Inequality
in the wage distribution actually enters as having a large and positive impact on choice in
NLST72. Students in this earlier cohort tended to pick majors with unequal wage distributions,
but inequality becomes less important over time. By NELS88 and later, the mean marginal
effect of the 90/10 ratio is near 0.

Generally, what we see is students becoming less responsive to certain parts of the labor
market (mean wages and inequality in the wage distribution) over time. The starting year

does matter, though - if NLS72 is omitted, the trend for response to log mean wage is

8Simply, given seven major categories, dividing .06229 by (1/7). Actual elasticity under the implicit
assumption that responsiveness is the same across major will be smaller (larger) for more (less) popular
majors.
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upwards, and the decline in the 90/10 ratio, while present, is less stark. There is less of
a discernable pattern for unemployment and the major-occupation Gini coefficient, with
obvious year-to-year changes but no clear time trend. Notably, the change in responsiveness
to earnings is not due to earlier cohorts having less predictive future earnings over time, and
is thus less relevant to the decision. As established in Section II, the predictive power of
previous cohorts actually becomes stronger from NLS72 to NLSY79, and then is similarly
powerful for NLSY79, NELS88, and NLSY97.

II1.ii. DEMOGRAPHICS AND THE RESPONSE TO LABOR MAR-
KET CONDITIONS

In Section II1.i we demonstrated that the relationship between the average wages or inequal-
ity of wages associated with a major, and the choice of that major, had changed over time.
Specifically, the link between those two has become weaker, but the reasons for this change
are not clear. In this section, we consider the possibility that demographic shifts in the
college graduate population, illustrated in Table 1, explain the change. If the groups that
make up an increasing share of college graduates - women, non-whites, and students with
lower test scores - are less sensitive to labor market conditions, then we would expect the
overall response to drop as well.

Table 2 shows the relationship between the average marginal effect of labor market con-
ditions on major choice and our set of demographic controls. We see some support for the
demographic-shift explanation, but not total support. Women, for example, do indeed re-
spond less strongly to mean wages and the 90/10 ratio, but they respond more strongly to
unemployment, and we did not see an increase in the impact of unemployment over time.

White students and higher test-score students respond more strongly to mean wages but
slightly less to the 90/10 ratio. If the changes were explained by the shrinking proportion of
these students, we would not have seen the change in the effect of the 90/10 ratio that we

observed.
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The mother’s education results are perhaps the most consistent with the changes. Mother’s
education of college graduates has increased considerably over time. Higher levels of mother’s
education is associated with less response to mean wages and the 90/10 ratio, and incon-
sistent responses to unemployment and the major-occupation Gini coefficient, matching the
overall change.

In Table 3 we use Oaxaca decomposition to analyze the differences in average marginal
effects between each sample and the subsequent sample. We determine what part of the
change in effect can be attributed to changes in demographics, and what portion can be
attributed to changes in the individual-level responses within demographic types.

Keeping with the inconsistent results in Table 2, the Oaxaca decompositions find that
the bulk of the change from sample to sample in average marginal effects can be explained
by changes of marginal effects within groups, rather than changes in the demographic mix,
whether the effect is increasing or decreasing in size. The primacy of changes within groups
holds up both for nearly every sample-to-sample change (NLSY97 vs. ELS02 for 90/10 ratio
and NELS88 vs. NLSY97 for Gini as the only exceptions) and for changes from the first
sample to the last.

From these decompositions we can conclude that changes in responses over time are due
to an overarching change in responsiveness, and not to a compositional effect resulting from

demographic shifts related to the democratization of college education.
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Table 2: Demographic Differences in Average Marginal Effects of Labor Market Conditions

Marginal Effect of...

log(Mean)  90/10 Ratio Unemployment Maj-Occ Gini
Female -0.00949**F*%  -0.01705***  -0.02073*** 0.00243%**
(0.00015) (0.00026) (0.00015) (0.00026)
White 0.00337***  -0.00924***  -0.02061*** 0.01613%***
(0.00018) (0.00032) (0.00021) (0.00032)
Family Income
Quartile 2 0.02691%*%*  0.03545%** -0.00285%#* -0.01281 %+
(0.00031) (0.00047) (0.00029) (0.00047)
Quartile 3 0.00537***  0.01177*** 0.00210%** -0.02699***
(0.00022) (0.00044) (0.00026) (0.00044)
Quartile 4 -0.00644**F*  0.03867*** 0.009347%** -0.01559%**
(0.00023) (0.00046) (0.00026) (0.00045)
High School Test Score
Quartile 2 0.02486***  -0.10308*** 0.058827%** -0.00411%%*
(0.00043) (0.00071) (0.00077) (0.00071)
Quartile 3 0.02074*%*  -0.07339*** 0.069377** -0.02288%*#*
(0.00040) (0.00068) (0.00075) (0.00067)
Quartile 4 0.01349%**  -0.09379*** 0.07935%** -0.06249*+*
(0.00040) (0.00067) (0.00076) (0.00066)
Mother’s Education
Quartile 2 -0.01616***  -0.00164*** 0.00850%** 0.01914%**
(0.00037) (0.00051) (0.00031) (0.00050)
Quartile 3 -0.01432%%*%  _(0.02378*** 0.01965%** 0.00514%**
(0.00038) (0.00053) (0.00032) (0.00053)
Quartile 4 -0.01159%**  -0.01534***  -0.00360*** 0.00474%**
(0.00038) (0.00054) (0.00033) (0.00054)
Control for Sample Yes Yes Yes Yes
Observations 14,017 14,017 14,017 98,098
R-squared 0.47307 0.63291 0.51177 0.69441
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Table 3: Oaxaca Decomposition of Change in Average Marginal Effect into Demographics and Coefficients

NLST72 NLSY79 NELSS88 NLSY97 NLS72
vs. NLSY79 wvs. NELS88 wvs. NLSY97 wvs. ELSO2  vs. ELS02
Response to Log Mean Wage
Demographics 0.00030 -0.00021 0.00025***  -0.00161***  0.00090**
(0.00030) (0.00047) (0.00008) (0.00051) (0.00039)
Coefficients 0.04433***%  -0.01301***  0.02524***  -0.03418***  (.02370***
(0.00035) (0.00021) (0.00036) (0.00021) (0.00027)
Interaction 0.00126%** 0.00013 0.00132*%**  (0.00156***  0.00077***
(0.00038) (0.00023) (0.00040) (0.00044) (0.00024)
Response to 90/10 Ratio
Demographics -0.00501***  0.00623***  0.00294***  0.00381***  (0.00788***
(0.00081) (0.00087) (0.00090) (0.00083) (0.00068)
Coefficients 0.03498***  0.00992***  -0.01002***  0.00147***  0.03606***
(0.00049) (0.00049) (0.00046) (0.00046) (0.00052)
Interaction -0.00032 0.00029 -0.00007 -0.00030 -0.00000
(0.00029) (0.00040) (0.00015) (0.00024) (0.00041)
Response to Unemployment
Demographics -0.00104 0.00231*F**  -0.00303***  0.00353*%**  0.00248***
(0.00073) (0.00050) (0.00060) (0.00077) (0.00061)
Coefficients 0.01932***  -0.02876***  0.00845***  0.02005***  (0.02141***
(0.00029) (0.00033) (0.00024) (0.00032) (0.00026)
Interaction 0.00027 0.00258***  0.00045***  -0.00100*** -0.00076***
(0.00026) (0.00034) (0.00014) (0.00027) (0.00026)
Response to Major-Occupation Gini
Demographics  0.00323*** -0.00111 0.00409***  -0.00185**  0.00331***
(0.00077) (0.00080) (0.00093) (0.00087) (0.00067)
Coefficients 0.10974***  0.02018*** -0.00010 -0.05187***  0.07877***
(0.00046) (0.00052) (0.00051) (0.00052) (0.00045)
Interaction -0.00000 -0.00013 -0.00011 0.00002 -0.00000
(0.00028) (0.00041) (0.00018) (0.00027) (0.00037)
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IV. CONCLUSION

We examine the influence of the labor market potential of college major on the student
choice of those majors, and the change of that influence across time. We find that the
responsiveness of major choice to the mean and median earnings associated with each major
declined overall from the 1970s to the 2010s, although the real decrease in responsiveness was
during the 1980s and there has been some rebound since. We also find that the association
between major choice and inequality in the wage distribution has gone from positive to
unvalued, and there is little change in the response of major choice to unemployment levels
or the concentration of majors within occupations as measured by a Gini coefficient. Our
work aligns with previous studies showing a positive but relatively weak relationship between
labor market potential and major choice in recent data sets (e.g. Arcidiacono, 2004; Long
et al., 2015; Arcidiacono et al., 2011; Boudarbat and Montmarquette, 2007; Stinebrickner
and Stinebrickner, 2011). We add to this literature by showing that responsiveness is weaker
in these recent cohorts than in earlier ones.

Which factors might explain the low response of undergraduates to earnings associated
with majors and an even lower response over time? Demographic shifts in the composition of
the undergraduate population could be one explanation. We tracked changes in major choices
and earnings over a large change in the demographics of college graduates, as suggested by
Table 1. One interesting demographic shift is socioeconomic; the profile of college graduates
has moved markedly down the income distribution, to the third family income quartile. We
find that these students weigh labor market considerations more heavily than their more
socioeconomically advantaged peers. Another major change is in the gender composition of
college graduates, towards women, whose choices do not respond as strongly to labor market
conditions as men’s choices. Overall, however, we find that the changes in major choice
elasticity are better explained by changes of responsiveness within groups than changes in
the demographic makeup of college graduates.

These results suggest that factors other than potential earnings have been influential
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for undergraduates making choices about college majors, and non-labor market factors may
have become more influential over time. Personal taste for major (Wiswall and Zafar, 2015)
may be increasingly dominating the choice process, relative to labor market demand or
comparative skill. The college culture and environment has also changed over time, with
a number of sociological studies suggesting that college is viewed as a social environment
where studying, learning, and planning for the future are secondary to forming relationships
and socializing with peers (Arum and Roksa, 2011; Armstrong and Hamilton, 2013), leading
colleges, especially less selective ones, to compete for students on that basis (Jacob et al.,
2018).

An increasing emphasis on non-academic or non-labor factors can be backed up in several
strains of literature, but there are some alternate explanations that we have not been able to
address. Relatively high-earning majors may have become more skill-intensive and difficult
over time, keeping students from responding to financial incentives; students may be entering
college more highly specialized and thus less able to respond to labor market shifts; or the
persistently high overall college wage premium may have led to satisficing behavior in major
choice. One alternative explanation that we can address is that changing behavior may be
driven by increasing dynamism in the labor market. If the labor market is more turbulent,
choosing a high-earning major could turn out poorly, since the labor market may shift by the
time students enter the labor market. On the contrary, we find that the link between prior-
cohort and current-cohort earnings within major has remained strong over time. Students
should have no reason to believe that majors that seem lucrative now are likely to have low
returns later.

When taking these results in context, it is important to note that many of the biggest
changes come between NLS72 and NLSY79. Examining the effect distributions in Appendix
Appendix A makes it clear that NLS72 stands apart from the other data sets. So, much
of the change that we see here is from comparing a somewhat constant modern era against

results from many decades ago, rather than a continuous and consistent year-to-year change.
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One way to interpret the results is that NLS72 is simply odd and should be disregarded.
Taking this approach, the wage response results would, in fact, reverse, albeit with a lower
effect size. However, there is no apparent reason in the data to exclude NLS72 other than
because it does not fit the narrative established for mean wage responses by other data sets.
The predictive power of our wage measure is similar in NLS72 to the other years, and the
data collection methodology is similar, although not identical, across NLS data sets.

Moving to a policy standpoint, there is some reason to be concerned with a link between
major choice and labor market potential that is considerably weaker today than it was
decades ago, since economic development and human capital is one justification for public
support of higher education. If students are optimizing less for labor market outcomes at the
same time that education is getting more expensive, debt loads could increase, and public
support for colleges as drivers of economic production could diminish.

Policy levers exist to “correct” the change in student major choice through policies such
as major-specific tuition (Stange, 2015). It is also possible for institutions to attempt to
channel students into particular majors through caps on majors or encouragement. If the
policy goal is to maximize the ability of colleges to produce labor-market gains, then the
paternalistic application of these types of policies could be warranted to offset the decline
in student preference for higher-earning majors, especially if the comparison point for these
policies is in the NLS72 era rather than the more recent past for which there is actually not
much difference. These approaches, however, are heavy-handed, reducing student freedom
and framing higher education explicitly as an economic tool.

This study provides broader perspective on the productive power of higher education.
The college wage premium has remained high despite the decline in student optimizing of
labor-market returns through major choices. The aggregate college wage premium may
actually be understated relative to what it could be if students picked majors in the same
way that they did in the past. As an economic engine, colleges could be producing more

value than they are now, simply by shifting major choice. Our estimates suggest that the
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gap between the labor market value that colleges could produce, and what they do produce,

has been growing.

20



V. ACKNOWLEDGMENTS

This project was partially supported by two Eunice Kennedy Shriver National Institute of
Child Health and Human Development grants to the Population Research Center at the
University of Texas at Austin, R24 HD42849 (PI: Mark Hayward) and T32 HDO007081-35

(PI: Kelly Raley). We appreciate comments from seminar attendees at CSU Fullerton.

VI. REFERENCES

Addo, Fenaba R. 2014. Debt, Cohabitation, and Marriage in Young Adulthood. Demography
51(5):1677-1701.

Altonji, J.G., Peter Arcidiacono, and A. Maurel. 2016. The Analysis of Field Choice in Col-
lege and Graduate School: Determinants and Wage Effects. In Handbook of the economics
of education, vol. 5, 305-396.

Alvarez, Lizette. 2012. Florida May Reduce Tuition for Select Majors.

Arcidiacono, Peter. 2004. Ability Sorting and the Returns to College Major. Journal of

Econometrics 121(1-2):343-375.

Arcidiacono, Peter, V. Joseph Hotz, and Songman Kang. 2011. Modeling College Major
Choices Using Elicited Measures of Expectations and Counterfactuals. Journal of Econo-

metrics 166(1):3-16.

Armstrong, Elizabeth A., and Laura T. Hamilton. 2013. Paying for the Party. Cambridge,

MA: Harvard University Press.

Arum, Richard, and Josipa Roksa. 2011. Academically Adrift: Limited Learning on College

Campuses. Chicago, IL: University of Chicago Press.

Baker, Rachel, Eric Bettinger, Brian Jacob, and loana Marinescu. 2016. The Effect of Labor

Market Information on Community College Students’” Major Choice.

21



Befty, Magali, Denis Fougere, and Arnaud Maurel. 2012. Choosing the Field of Study in
Postsecondary Education: Do Expected Earnings Matter? The Review of Economics and

Statistics 94(1):334-347.

Berger, Mark C. 1988. Predicted Future Earnings and Choice of College Major. Industrial

and Labor Relations Review 418-429.

Blom, Erica, Brian C Cadena, and Benjamin J Keys. 2017. Investment over the Business

Cycle : Insights from College Major Choice.

Boudarbat, Brahim, and Victor Chernoff. 2009. The Determinants of Education-Job Match

among Canadian University Graduates.

Boudarbat, Brahim, and Claude Montmarquette. 2007. Choice of Fields of Study of Univer-

sity Canadian Graduates: The Role of Gender and their Parents’ Education.

Carnevale, Anthony P., Ban Cheah, and Jeff Strohl. 2012. Hard Times, College Majors,
Unemployment and Earnings: Not All College Degrees Are Created Equal. Tech. Rep.,

Georgetown University Center on Education and the Workforce.

Chapman, Ben. 2014. Top-performing High School Seniors Can Get Free Ride to State

Colleges for Science Studies.

Chen, Rong, and Mark Wiederspan. 2014. Understanding the Determinants of Debt Burden
among College Graduates. Journal of Higher Education 85(4):565-598.

Dew, Jeffrey, and Joseph Price. 2011. Beyond Employment and Income: The Association
Between Young Adults’ Finances and Marital Timing. Journal of Family and Economic

Issues 32(3):424-436.

Fiorito, Jack, and Robert C Dauffenbach. 1982. Market and Nonmarket Influences on Cur-

riculum Choice by College Students. Industrial and Labor Relations Review 36(1):88-101.

22



Freeman, Richard B. 1975. Legal "Cobwebs”: A Recursive Model of the Market for New

Lawyers. The Review of Economics and Statistics 57(2):171-179.

Hastings, Justine S., Christopher A. Neilson, Anely Ramirez, and Seth D. Zimmerman. 2017.
(Un)informed College and Major Choice: Evidence from Linked Survey and Administra-

tive Data. Economics of Education Review (Forthcoming).

Jacob, Brian A., Brian McCall, and Kevin M. Stange. 2018. College as Country Club: Do
Colleges Cater to Students’ Preferences for Consumption? Journal of Labor Economics

(Forthcoming).

Long, Bridget T. 2004. How Have College Decisions Changed over Time? An Application

of the Conditional Logistic Choice Model. Journal of Econometrics 121(1-2):271-296.

Long, Mark C., Dan Goldhaber, and Nick Huntington-Klein. 2015. Do Completed College

Majors Respond to Changes in Wages? FEconomics of Education Review 49:1-14.

McFadden, Daniel, and Kenneth Train. 2000. Mixed MNL models for Discrete Response.

Journal of Applied Econometrics 15(5):447 — 470.

Montmarquette, Claude, Kathy Cannings, and Sophie Mahseredjian. 2002. How Do Young

People Choose Majors? Economics of Fducation Review 21:543-556.

Rossi, Peter E., Greg M. Allenby, and Robert Edward McCulloch. 2005. Bayesian Statistics
and Marketing. Hoboken, NJ: J. Wiley & Sons.

Sawtooth Software. 2009. The CBC / HB System for Hierarchical Bayes Estimation Version
5.0. Tech. Rep. 360.

Scott, George A. 2013. Raising the bar: Reviewing STEM education in America.

Sermas, Ryan. 2014. Package ’"ChoiceModelR’. Tech. Rep., Decision Analyst, Inc., Arlington,
TX.

23



Stange, Kevin M. 2015. The Effect of Differential Pricing on Undergraduate Degree Produc-
tion by Field. Journal of Policy Analysis and Management 34(1):107-135.

Stinebrickner, Ralph, and Todd R. Stinebrickner. 2014. A Major in Science? Initial Beliefs
and Final Outcomes for College Major and Dropout. Review of Economic Studies 81(1):
426-472.

Stinebrickner, Todd R., and Ralph Stinebrickner. 2011. Math or Science? Using Longitudinal

Expectations Data to Examine the Process of Choosing a College Major.

Wiswall, Matthew, and Basit Zafar. 2015. Determinants of College Major Choice: Identifi-

cation using an Information Experiment. Review of Economic Studies 82(2):791-824.

Appendix A. ADDITIONAL RESULTS

24



Figure A.3: Distributions of Average Marginal Effects Across Samples
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Figure A.4: Response to Year-to-Year Log Mean Wage Changes
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