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Abstract

We estimate major-specific earnings profiles using matched American Community
Survey (ACS) and Longitudinal Employer-Household Dynamics (LEHD) data. Build-
ing on Deming and Noray (2020), we exploit a long earnings panel to overcome key
limitations of cross-sectional approaches to lifecycle estimation. We find that engi-
neering and computer science majors experience earnings growth that is comparable
to or faster than that of other majors, a category including humanities, education,
psychology, and similar fields. In contrast, Deming and Noray (2020) use a cross-
cohort approach and find that earnings for engineering and computer science majors
decline relative to other fields over the lifecycle.
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1 Introduction

Estimating the labor market returns associated with college major is as common, if not

more common, than estimating the returns to schooling quantity. In the past fifteen years,

three lengthy reviews describe researchers’ rapid advances in this area (Altonji et al., 2012,

2016; Patnaik et al., 2021). Two empirical facts lie behind the widespread interest in the

returns to major. First, the number of high school graduates who matriculate to four-year

colleges has expanded considerably, making this a salient choice for a wider portion of the

population.1 Second, variation in earnings across different college majors can be as large

as the earnings gap between college and high-school graduates (Altonji et al., 2012). Thus,

it is important to accurately estimate the returns to major to inform student, school, and

policy-maker choices.

While much progress has been made, the existing literature on the returns to major

is primarily focused on estimating average returns across the life cycle. However, average

returns can mask important heterogeneity in earnings growth.2 Three recent papers, An-

drews et al. (2024), Martin (2022), and Deming and Noray (2020), use different data and

empirical approaches to show that the returns to major vary significantly with age. The

findings in Deming and Noray (2020) have been particularly influential given the surpris-

ing nature of their result and its publication in one of the field’s most prominent journals.

Using data from the 2009-2017 American Community Survey (ACS), they document that

computer science, engineering, and business majors earn significantly more than other ma-

jors (a group including humanities, education, psychology, and similar fields) upon labor

market entry, but earnings gaps close considerably over the life cycle. The authors provide

supporting evidence that this pattern may be driven by human capital depreciation, as

1Data from the Digest of Education Statistics shows that the percentage of 18- to 24-year-olds enrolled
in four-year colleges and universities in 2020 was 31%, representing an increase of 5 percentage points since
2000. https://nces.ed.gov/programs/digest/d21/tables/dt21_302.60.asp

2Heterogeneity in earnings growth across majors is important since in an economy with credit con-
straints, variation in age-earnings profiles can have meaningful welfare consequences holding fixed average
lifetime returns. Hampole (2024) provides evidence that students who rely on borrowing to finance college
are more likely to select majors with high initial earnings, but relatively low lifetime earnings. Additionally,
heterogeneity in earnings profiles across the life cycle can complicate efforts to estimate average returns
when the age distribution of a sample is skewed.
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computer science and engineering graduates tend to work in occupations that experience

frequent changes in skill requirements over time.

Deming and Noray (2020) estimate major-specific earnings profiles using the ACS,

but the short time dimension and cross-sectional nature of the data pose identification

challenges. In particular, older cohorts are not observed when young, and younger cohorts

are not observed when old. As a result, the age-earnings profiles estimated with these data

may be driven in part by cohort effects. The findings in Andrews et al. (2024) suggest that

this could be a concern for interpreting the findings in Deming and Noray (2020). Andrews

et al. (2024) show that engineering and business majors experience faster earnings growth

relative to liberal arts majors for a sample of Texas high school graduates between 1996

and 2002. By following a few cohorts as they age, Andrews et al. (2024) rely less on cross-

cohort comparisons to identify age-earnings profiles by major. However, their estimates

are based on just one state and a relatively young cohort.

In this paper, we re-estimate major-specific earnings profiles using matched American

Community Survey (ACS) and Longitudinal Employer-Household Dynamics (LEHD) data.

ACS data provide information on college major, while the LEHD data provide a long panel

of worker earnings. The advantage of this data relative to working only with the ACS is

that labor market outcomes are observed over a significantly longer period, from 1985 to

2019, and workers can be followed over time. This allows us to rely more heavily on within-

cohort comparisons when estimating earnings profiles. Using a similar sample of workers

as Deming and Noray (2020), we find that, in contrast to their results, the relative returns

to engineering and computer science increase over the life cycle.

Our simplest specification mimics the regression employed by Deming and Noray (2020),

except the model includes multiple years of earnings for the same individual. This alone

greatly reduces heterogeneity in age-earnings profiles by major relative to the results ob-

tained using only the ACS cross-section. After including worker fixed effects, computer

science and engineering majors have the same or steeper age-earnings profiles relative to

other majors. So, despite evidence that these fields experience relatively more frequent

changes in skill requirements over time (Deming and Noray, 2020), any initial earnings
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advantages remain or even expand over the life cycle.

While workers with a business major maintain slower wage growth relative to other

majors based on a model with worker fixed effects, this pattern disappears after including

labor supply controls. We provide evidence that business majors are more likely to be

working full-time at the beginning of their careers relative to other majors and that this

gap disappears with age. As a result, if labor supply is not accounted for, one might

mistakenly attribute slower earnings growth among business majors to relative skill decay

as opposed to increases in labor supply among non-business graduates.

The remainder of our paper focuses on the factors driving differences in age-earnings

profiles estimated using the short panel of repeated cross-sections in the ACS versus the

long worker panel in the LEHD. We show that the earnings premium associated with ob-

taining a technical degree, such as engineering or computer science, or a business degree

have increased for recent college graduates. This will tend to flatten age-earnings pro-

files estimated using the ACS since identification relies primarily on cross-cohort earnings

variation. If more recent business and technical graduates earn higher initial premiums,

then wage growth will look slower for these fields since older cohorts have always earned a

smaller premium.

The main takeaway of our paper is that engineering and computer science majors

do not experience slower earnings growth across the lifecycle relative to other majors.

Additionally, once initial differences in labor supply are accounted for, business majors

also do not experience slower earnings growth. These results provide some evidence against

the theoretical framework developed in Deming and Noray (2020), which suggests that we

should observe slower earnings growth in majors with rapidly changing skill requirements.

We note, however, that their additional tests—such as estimating age-earnings profiles by

the mean rate of skill change or examining selection out of fast-changing occupations—fall

outside the scope of our analysis due to the absence of occupation data in the LEHD. More

broadly, the evidence Deming and Noray (2020) presents that job skills change much faster

in technology-intensive careers is persuasive, and it remains possible that this can lead to

flatter age-earnings profiles for graduates from technically-oriented majors. However, our
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results suggest that variation in skill demand within majors is not enough to drive earnings

convergence across majors over the lifecycle.

2 Data

We collect ACS data from the Integrated Public Use Microdata Series (IPUMS) 1% samples

(Ruggles et al., 2021) covering the period from 2009-2019. In our initial analysis, we select

a sample that is as similar to Deming and Noray (2020) as possible. This means limiting

ourselves to individuals who appear in the ACS prior to 2018, are between the ages of 23

and 50, have at least a four-year college degree and valid major, and have non-missing and

non-military occupations and earnings. Following Deming and Noray (2020), we aggregate

majors into five categories: engineering and computer science, business, life and physical

science, social science, and other (e.g., humanities, education, health, vocational).3

The LEHD is a quarterly database of linked employer-employee data covering over 95%

of employment in the United States (Abowd et al., 2009). We obtained access to data

from 27 states that account for approximately 65% of the US workforce.4 Earnings data

are available from 1985 to 2022, though the initial year varies by state. We restrict our

sample to pre-2020 earnings to avoid complications arising from the Covid-19 pandemic.

Annual earnings are constructed as the sum of earnings across quarters, jobs, and states

in a given year. While we analyze annual earnings, we also keep track of the number of

quarters a worker has positive earnings in a given year. The primary benefit of working

with the LEHD is that earnings are observed for the same workers over many periods. The

drawback of the LEHD is a lack of information on degree field. However, we use unique

individual identifiers to link individuals present in any wave of the ACS to the LEHD. As

a result, we can merge information about an individual’s degree field with a long history

of earnings.5

3Information about the mapping from detailed degree fields to major categories is provided in Table
A1. Throughout the paper, when we refer to other majors, we are referring specifically to the group of
majors that includes humanities, education, health, and more.

4The covered states include: AZ, CA, CO, CT, DE, IN, IA, ME, MD, MA, MO, NV, NJ, NM, NY,
ND, OH, OK, PA, SD, TN, TX, UT, VA, WA, WI, WY.

5See Appendix B for details about the construction of the matched database.

4

This is not a published article. This is an accepted manuscript, without copyediting, corrections, formatting, or online data files, and before publication.
The completed version of record is expected to be published with DOI https://doi.org/10.1086/742937 in an upcoming issue of Journal of Labor Economics,

published by The University of Chicago Press. Copyright 2026 The University of Chicago.



For most of the paper, we only match individuals that are present in the original

Deming and Noray (2020) ACS sample to the LEHD for comparability purposes. However,

we report estimates of additional regressions at the end of the paper where we modify

this matching to include all workers in the 2009-2019 ACS between the ages of 30 and 60.

Importantly, when we run our regressions using the LEHD data, we still limit the analysis

to workers who are between the ages of 23 and 50. The rationale for matching workers

older than 30 in the ACS is to ensure that they have completed their education. We include

individuals younger than 60 to avoid potential differential survival rates across majors. We

refer to this as the Extended LEHD sample. In our final regressions using the Extended

LEHD sample, we also consider an alternate degree field aggregation where we allow for

ten different major groups.

Table 1 provides summary statistics for the three samples, the ACS, the LEHD, and

the Extended LEHD. The top panel demonstrates that individual characteristics do not

vary significantly across samples, including the distribution of college majors. Close to

half of each sample has a degree in the other major category, which includes humanities,

education, and health related majors. These three groups account for nearly 70% of the

other major group.

In contrast, the bottom panel of Table 1 demonstrates that the structure of the samples

is quite different. The LEHD necessarily contains fewer individuals since we only have

access to information for 27 states. But the panel nature of the LEHD implies that these

fewer individuals are observed over a longer time horizon leading to dramatically more

observations. On average, each individual in the LEHD is observed for 18.3 years, while

each individual is observed only once in the ACS. The Extended LEHD contains more

individuals than the baseline ACS and LEHD samples. The long panel of the LEHD

also affects the temporal dimension of the earnings data. Almost all of the ACS earnings

observations occur after 2010, while the LEHD and Extended LEHD earnings observations

are more evenly distributed between 1995 and 2020.
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3 Estimating Age-Earnings Profiles by Major

3.1 Empirical Model

We estimate age-earnings profiles by major using variations of the following regression

model:

ln Earningsimat = βm,a + γXit + θt + δa + ϵimat, (1)

where Earningsimat reflects annual earnings for individual i, with major m, at age a, during

year t. Xit always includes gender, race, age groups interacted with gender, US citizenship

and veteran status, and controls for graduate degrees.6 θt and δa correspond to year and

age fixed effects, respectively. The key parameters in the above equation are βm,a, which

are coefficients on the interactions of two-year age bins with major m.7 βm,a capture

the earnings gap between major m and the excluded major at age a, while δa should

be interpreted as the earnings growth profile for the excluded major category. Including

college major dummies among the regressors, as we do in most specifications, changes the

interpretation of these parameters. In this case, βm,a can be interpreted as the excess

earnings growth of major m at age a with respect to the baseline major at age 23.

Following Deming and Noray (2020), our initial regressions estimate Equation (1),

assuming orthogonality of the residual. We then depart by decomposing the residual ϵimat

using the panel dimension of the LEHD sample. Our main specifications decompose:

ϵimat = αi + uimat,

where the αi are individual fixed effects. The αi can be correlated with the other regressors

described above, and are differenced away using a standard fixed effects estimator. When

we estimate the model with individual fixed effects, βm,a is always interpreted as the excess

6Race is captured by a series of mutually exclusive indicator variables for Black, Asian, Native American,
Hawaiian and Other, plus a dummy for Hispanic. For education, we include indicators for having a
Master’s, Professional, or Doctoral degree. When worker fixed effects are included, all variables in Xit are
differenced away except age interacted with gender.

7Following Deming and Noray (2020), βm,a = βm,a+1 if a is odd.
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wage growth of major m at age a with respect to the baseline major at age 23.8

3.2 Results

We begin by replicating the age-earnings profiles reported in Deming and Noray (2020),

based on their sample criteria for the ACS. We estimate Equation (1) by OLS and cluster

the standard errors at the major-by-age level. Panel (a) of Figure 1 displays the point

estimates and confidence intervals for βm,a. The reference major group is all other degree

fields, with more than half consisting of humanities and education majors. Our figure

matches Figure V in Deming and Noray (2020). The picture shows that engineering,

computer science, and business majors see their earnings advantage relative to the other

major group shrink as they age. Life and physical science majors and social science majors

see their earnings rise both relative to the excluded group and technical and business

majors.

Column (1) of Table 2 reports the same information as panel (a) of Figure 1, except in

a slightly different format. More precisely, it displays estimates of earnings growth at ages

30, 40, and 50 relative to age 23. The main difference between these results and Figure 1

is that we include major dummies in the specification and therefore the estimates of βm,a

should be interpreted as the excess wage growth of major m with respect to the baseline

major at age 23. Between the ages of 23 and 50, earnings for engineering and computer

science majors decline by 0.167 log-points relative to other degree fields, consistent with

the drop seen in panel (a) of Figure 1.

Column (2) of Table 2 displays estimates from the same specification as in column (1),

but restricts the sample to those individuals in the ACS that can be matched to the LEHD.

The primary difference between the two columns is geographical since we only have access

to 27 states in the LEHD. While the numbers are similar, the patterns for engineering

8When worker fixed effects are included, it is not possible to identify all age effects (δa) and year effects
(θt), even when one age and year effect are normalized to zero. The demeaning process of the fixed effect
estimator makes the two sets of controls collinear. We opt for setting one additional year effect equal to
zero, meaning that the baseline age effects are only identified as a result of this normalization. This does
not impact our analysis since we are not interested in δa, just the differences in earnings growth over the
lifecycle, βm,a.
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and computer science are a bit more pronounced. Overall, it seems that the geographical

differences between the ACS and LEHD samples are not a concern for our analysis.

The remaining columns in Table 2 utilize the LEHD data to examine how earnings vary

over the lifecycle by major. In column (3), we replace the outcome variable, ACS earnings,

with LEHD earnings holding fixed the estimation sample and regressors relative to column

(2). As we shift from the ACS to the LEHD, we are shifting from self-reported annual

earnings, to earnings based on unemployment insurance data. Comparing the second and

third columns of Table 2 indicates that any differences in the earnings measures between

the ACS and LEHD have little impact on age-earnings profile estimates by major. Through

column (3), the main message of Deming and Noray (2020) persists, technical and business

degree holders have statistically significant slower earnings growth over the life cycle relative

to other majors.

Despite the apparent robustness of the earnings growth penalty experienced by tech-

nical and business degree holders, a key empirical concern remains. Estimating lifecycle

earnings patterns using a relatively short panel of repeated cross-sections relies primarily

on cross-cohort comparisons for identification. If cohorts are changing over time in unob-

served dimensions, then earnings profile estimates may be biased. We partially address this

concern in column (4), estimating age-earnings profiles by major using the panel dimension

of the LEHD. As a reminder, the individuals included in column (4) are the same as those

included in columns (2) and (3), except we now use their earnings information from all

years and not just the year in which they appear in the ACS.

When we exploit the panel dimension of the LEHD sample, the estimated age-earnings

profiles change considerably, especially for technical degree holders. While engineering and

computer science majors still see slower earnings growth over the life cycle with respect

to the excluded major group, the magnitude of the gap is much smaller and statistically

insignificant. For example, instead of a relative decline of 0.085 log-points for individuals

aged 29-30, column (4) shows a negligible gap for this group. When workers are aged

49-50, the gap reduces from 0.165 log points to 0.032 log-points and it is not statistically

significant. Simply adding earnings observations across the life cycle for many workers
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leads to a significant change in the age-earnings profiles.

The final column of Table 2 uses the same observations as column (4), but allows for

permanent, unobserved individual heterogeneity in earnings. Once worker fixed effects are

included, relative earnings growth for technical majors are positive at ages 30, 40 and 50,

but only statistically different from zero at ages 49-50. While the estimates for technical

degrees change dramatically between columns (1) and (5), the estimates for business majors

remain negative and large. Additionally, life and physical science majors and social science

majors experience significant wage growth over the lifecycle relative to the excluded group.

To ease the comparison with Deming and Noray (2020), we plot the estimated age-earnings

profiles using the sample and specification from column (5) in Panel (b) of Figure 1. The

estimates at age 23 correspond to the average of individual fixed effects by major group.

At all other ages we plot the sum of average worker fixed effects by major and β̂m,a.

The results in Table 2 and panel (b) of Figure 1 mimic Deming and Noray (2020) in

sample selection criteria and model specification, other than the inclusion of individual fixed

effects. In Table 3 we depart from their specification. Our concern, also shared by Deming

and Noray (2020), is that earnings growth estimates across majors are capturing not just

changes in the value of human capital across the lifecycle, but other lifecycle differences

by major related to additional education and labor supply.9 While these differences are

post-determined relative to college major choice, controlling for them can illuminate the

mechanisms affecting life cycle earnings patterns.

The first change we make is to allow age-earnings profiles to vary with the individual’s

highest level of education. The original Deming and Noray (2020) regression includes

dummies for graduate degrees, but it assumes that workers with the same undergraduate

major have similar age-earnings profiles on average, regardless of the final education level.

We relax this assumption by interacting age group indicators with an indicator for whether

the worker has a graduate degree (masters and others separately). Allowing graduate

degree holders to have different slopes is particularly useful when analyzing our data, since

we do not observe the exact timing of graduation and instead include all earnings starting

9Deming and Noray (2020) address graduate education and labor supply in footnotes 23 and Online
Appendix Figures A6 and A7, but do not present results in the main paper.
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from age 23. Column (2) in Table 3 presents the results. While all the age-earnings

profile estimates change, the largest difference is for life and physical science majors. The

estimates are dramatically smaller, consistent with the fact that individuals with these

undergraduate degrees are more likely to obtain a graduate degree and graduate degree

holders tend to have steeper age-earnings profiles. To provide context for this result, we

present the share of students within each major that obtain a graduate degree in Table

4. 55% of workers with life and physical science undergraduate degrees hold a graduate

degree, while only 36% of other majors obtain a graduate degree. In contrast, business

majors are less likely to earn a graduate degree relative to other majors. As a result, when

we include interactions between age and graduate degree in the model, the age-earnings

profile for business majors becomes less negative, as shown in column (2) of Table 3.

The second change we make is to incorporate controls for labor supply. Following

Deming and Noray (2020), we use log yearly earnings as our dependent variable. However,

there is substantial variation in how much workers work within a given year. The LEHD

does not have precise information on labor supply, but we do know the number of quarters

with positive earnings in a given year. In column (3) of Table 3, we present estimates

from a model that includes indicator variables for number of quarters worked. Controlling

for labor supply generates large differences relative to the baseline results in column (1),

particularly for business majors. At ages 49-50, the earnings decline in business relative

to the excluded category drops from 0.158 log-points to 0.041 log-points. The drop in the

business major penalty over the lifecycle is explained by the fact that labor supply varies by

major with age. In Table 5, we report the fraction of workers with at least three quarters

of positive earnings by age and major. All majors report 95-96% “full-time” rates at ages

49-50, but business majors have a significantly higher full-time rate at the beginning of

their career. As a result, business majors experience relatively slower earnings growth over

the lifecycle, but this is mostly the result of working full-time when young while other

majors are less attached to the labor market.

The results in column (4) of Table 3 are from a model where we simultaneously allow

age-earnings profiles to vary with highest degree and control for labor supply. The estimates
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show that technical and business degree holders do not have different wage growth profiles

from the excluded major category, and the gap with social sciences and life and physical

science majors is smaller than in previous specifications. For technical degrees, the point

estimate is 0.047 log-points smaller than social science majors and 0.15 log-points smaller

than life and physical sciences at age 49-50.10

Figure 2 provides a detailed summary of our findings thus far. In the top panel, we

illustrate excess earnings growth for each major with respect to the excluded category. The

estimates correspond to column (4) in Table 3, but include all age bins. In the bottom

panel, we compare these same estimates for technical and business majors to those obtained

using LEHD earnings, but only relying on the same cross-section available in the ACS and

excluding age interacted with graduate degrees and labor supply controls. The solid lines

are the same as in the top panel, while the dashed lines are constructed from the estimates

in column (3) of Table 2. The top panel indicates that engineering, computer science and

business majors have wage growth on par with the excluded major group, while the bottom

panel shows that without a long panel this result is obscured.

3.3 Interpretation

As the previous section demonstrates, estimates of age-earnings profiles by major change

considerably when we shift from the ACS to a panel of worker earnings in the LEHD.

This is most pronounced when we include worker fixed effects, but just including addi-

tional observations without accounting for worker unobserved heterogeneity also leads to

important changes, especially for technical degree holders. In this section, we investigate

the mechanisms driving the sensitivity of age-earning profiles across samples and specifi-

cations. There are three primary explanations: (1) returns to major have shifted across

cohorts, (2) returns to major have shifted over time, and (3) age-earnings profiles by major

have changed over time.

10For comparison, Table A2 shows how controlling for age interacted with graduate degree and labor
supply impact age-earnings profiles when using just the repeated cross-sections in the ACS. Similar patterns
emerge where the penalty for business majors relative to the excluded major group shrinks, and the earnings
growth of life and physical science majors declines relative to other majors.
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Although the three mechanisms are not mutually exclusive, we cannot pursue all three

at once since in a fully saturated model age is collinear with time and birth cohort. There-

fore, we separately consider how changes in the returns to major across cohorts and time

impact estimates of age-earnings profiles. The evidence presented below suggests that

changes in the returns to major across cohorts is the most likely explanation for differences

in estimated age-earnings profiles when using cross-sectional versus panel data.

3.3.1 Cohort-Major Trends

We first examine a setting where the return to major m varies across cohorts, abstracting

from time effects. These differences could arise from cohort-specific selection into majors

or changes in skill development within major. Consider the following simplified model of

earnings for major m at age a:11

ln Earningsma = βm
0 + βm

1 a+ πm
0 ×R + ϵma, (2)

where R indicates whether a worker is born after 1980. If πm
0 > 0, recent graduates

in engineering or computer science, for example, earn more than earlier cohorts of STEM

graduates. When estimating age-earnings profiles using the ACS, we omit cohort indicators

like R because identifying the full age-earnings profile relies on cross-cohort variation.

However, excluding R induces bias if πm
0 ̸= 0. Since the ACS only includes earnings

from recent years, the indicator for being born after 1980 will be negatively correlated with

age. Using linear projections, R = −λ0a+v0, where λ0 > 0.12 Thus, omitting R will result

in an estimated age-earnings profile of βm
1 − λ0π

m
0 . If the returns to technical majors have

risen in recent cohorts (πm
0 > 0), cross-sectional estimates will underestimate the slope. In

contrast, using LEHD panel data with worker fixed effects will not suffer the same bias

since worker effects absorb cohort variation in returns.

11This is a simplified version of Equation 1. We ignore observables Xit, treat age as continuous, and
redefine the βm

j coefficients to capture the level of earnings for major m. This last normalization is without
loss of generality since we can always recover the differences in age-earnings profiles by differencing βm

1

across m.
12While the projection coefficient could be major specific, this variation is minimal so we omit this from

the discussion. We adopt this simplification throughout this analysis.
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To demonstrate the potential role of cohort-major effects as outlined above, consider

Table 6. The first three columns demonstrate how age-earnings profiles change as we shift

from a cross-sectional sample to panel data to a model with worker fixed effects.13 We

observe a large increase in the age-earnings profiles for engineering and computer science

as we move from column (1) to (2), consistent with the negative correlation between R and

a being dramatically reduced as the sample expands backwards. The age-earnings profiles

for technical majors increase further in column (3) as we now explicitly allow for cohort

effects through worker fixed effects.

An alternative approach for allowing cohort-major effects is to estimate a version of

Equation (1) that includes interactions between major and birth cohort indicators (defined

in three-year intervals). This is a generalized version of Equation (2). Estimates of the

age-earnings profiles when major-by-cohort effects are included are presented in column

(4) of Table 6. The estimates are generally between the panel data estimates with and

without worker fixed effects.14

3.3.2 Year-Major Trends

An alternative to cohort effects is that returns to major vary over time due to factors like

shifting skill demand from technological change. To assess how time-varying returns might

affect age-earnings profiles when moving from cross-sectional to panel data, consider the

simplified earnings model:

ln Earningsma = βm
0 + βm

1 a+ δmY + ϵma, (3)

where Y is an indicator variable for whether earnings are post-2008, for example. When

δm ̸= 0, the return to major m changes over time. In the ACS sample, Y = 1 for all

observations, so δm is not identified. However, since a and Y are uncorrelated, OLS using

13Column (3) of Table 6 is identical to column (4) of Table 3. Column (1) and (2) of Table 6 are
analogous to columns (3) and (4) in Table 2 except age is interacted with graduate degrees and labor
supply controls are included.

14Estimates for the cohort-by-major indicator variables are reported in Panel A of Table A3 and show
that recent cohorts of technical majors have increased their earnings advantage relative to other majors,
especially for those born after 1981.
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the ACS sample still recovers consistent estimates of βm
1 .

In contrast, the LEHD sample links ACS respondents to their full work history. As

a result, we observe earnings for young workers across all time periods, but only observe

earnings for old workers in more recent years. As a result, a and Y are positively correlated.

We can express Y = λ1a+v1, where λ1 > 0 is the projection of Y on a. When Y is excluded

from the earnings equation, estimates of the age-earnings profile will equal βm
1 + λ1δ

m,

indicating a positive bias when returns are increasing over time (δm > 0). So, if the

true underlying earnings model contains year-major effects but not cohort-major effects,

including year-major indicator variables in the LEHD will mitigate this bias and generate

age-earnings profiles similar to those obtained using the ACS.

Column (5) of Table 6 presents estimates of age-earnings profiles based on Equation (1)

with major-by-year interactions included. This is a generalized version of Equation (3).

If the returns to major change dramatically across time, we would expect these estimates

to be significantly different from the estimates in column (2) that exclude major-by-year

effects. Instead, we see that the estimates are similar. Moreover, the estimates in column

(5) are not close to the cross-sectional estimates in column (1), again suggesting that year-

major effects are not a key driver of the differences between the cross-sectional and panel

data results.15

3.3.3 Cohort Heterogeneity in Age-Earnings Profiles by Major

Of the two channels considered, cohort-major effects better align with the empirical pat-

terns we observe. However, our prior analysis only allows for level shifts in age-earnings

profiles across cohorts. It is possible that slopes differ by cohort, which could occur, for

example, if recent of STEM graduates accumulate human capital on the job more quickly.

Consider again a simplified model of earnings:

ln Earningsma = βm
0 + (βm

1 + πm
1 R) a+ ϵma.

15Panel B of Table A3 reports the coefficients for the year-major indicator variables. While the returns
to technical majors have increased mildly over time, the change is not large enough to generate large biases
in our results when using the LEHD.
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In this specification, age-earnings slopes vary by cohort. Models using the ACS or LEHD

that restrict all cohorts to have the same age-earnings profiles will estimate a weighted

average of βm
1 + πm

1 R. The ACS places more weight on younger cohorts (βm
1 + πm

1 ), while

the LEHD gives relatively more weight to older cohorts (βm
1 ).

To investigate this, we split the LEHD sample by birth cohort (pre- and post-1971)

and re-estimate the model with worker fixed effects. Table 7 reports the results for the

full sample and each cohort subgroup (columns 1–3). We find little evidence of meaningful

slope differences. For example, the coefficient on the indicator for a 47-48 year old worker

with a technical degree is very similar in magnitude between the two cohorts at 0.039 and

0.040 log-points. All coefficients from columns (2) and (3) are generally similar to each

other.

3.3.4 Changes in STEM Majors Across Cohorts

The empirical evidence is most consistent with computer science and engineering degree

fields experiencing cross-cohort increases in earnings levels relative to other majors. Yet,

it is unclear what is driving this change. There are two natural explanations. First,

sorting into degree fields may have changed across cohorts such that technical majors

became more positively selected relative to other fields. Alternatively, recent cohorts of

computer science and engineering majors are learning a vintage of technical expertise that

is especially valuable, expanding the earnings premium relative to other majors. Separating

these mechanisms is challenging, though below we provide some suggestive evidence that

both channels are likely relevant.

To examine how relative selectivity into technical fields has changed across time, we

use survey data from the 1992 and 2019 Integrated Postsecondary Education Data Sys-

tem (IPEDS). We limit the sample to four-year degree granting institutions and calculate

the total number of bachelors degrees awarded for each school-year by field of study. We

aggregate degrees of study to best resemble the classification utilized in this paper. Addi-

tionally, we use the sum of the 75th percentile math and verbal SAT scores from 2019 to
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rank schools according to enrollee test scores.16 Two patterns suggest that technical majors

have become more positively selected relative to most majors over time. First, growth in

STEM related fields is occurring at the most selective institutions. Among graduates from

the top 100 four-year colleges and universities, the share of students pursuing an engineer-

ing or computer science major increased from 0.126 to 0.202 between 1992 and 2019, or a

60% increase. The corresponding numbers for schools outside of the top 100 are 0.084 and

0.109, only a 30% increase. Second, growth in humanities and other majors is occurring

at the least selective institutions. The number of graduates outside of the top 100 schools

has grown faster than among the top 100 schools, and these graduates are increasingly

likely to select humanities or other majors. As a result, the share of humanities and other

majors graduating from a top 100 school has declined from 0.122 in 1992 to 0.083 in 2019.

These patterns are consistent with recent cohorts of technical degree holders graduating

from more selective colleges.

There is also evidence that the type of skills being developed within technical and

other majors, like education and humanities, has changed across cohorts. Using detailed

degree data available in the ACS, we examine how the distribution of majors within each

of the five broad categories has shifted.17 Among technical degree holders, there has been

a shift towards computer related fields. Technical degree holders born in 1970 or later are

considerably more likely to obtain degrees in computer and information systems, computer

science, and computer engineering relative to technical degree holders born prior to 1970.

The detailed technical majors whose shares have shrunk the most in relative terms across

birth cohorts are general engineering, electrical engineering, and mechanical engineering.

Among other majors, there has been shift towards communications and psychology and

away from education, literature and history across birth cohorts born before and after

1970. Other notable changes include an increase in marketing and finance and decline

16We impute SAT scores for those schools only reporting ACT percentiles. Many schools report both
SAT and ACT percentiles and we use these schools to predict the 75th percentile math and verbal SAT
scores using a quadratic function of the 75th percentile of math and English ACT scores. Note also that
rank is based only on the 2019 data, and is thus fixed across the 1992 and 2019 data.

17Table A4 show the share of the most common detailed major within each of the five categories by
birth cohort respectively.
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in business management among business degree holders, and an increase in biology and

decline in chemistry for life and physical science majors. It is also likely that the academic

content of these detailed majors has changed over time as the associated technologies have

evolved. As a result, part of the increase in the relative return to a technical major across

birth cohorts likely reflects changes in skills accumulated during college and changes in

skill prices. Further disentangling the sorting and skill mechanisms behind the changes in

returns to major across birth cohorts is left for future work.

3.4 Extended Sample and Detailed Majors

For comparability purposes, our analysis to this point has utilized precisely the same in-

dividuals included in Deming and Noray (2020), aside from some geographical limitations

of the LEHD. We now turn to the Extended LEHD sample as defined in the Data section,

which differs from the LEHD sample in three dimensions. First, it includes individuals

from the ACS who had a missing wage or occupation in the year they were surveyed.

Second, the Extended LEHD sample includes the 2018 and 2019 ACS rounds. Finally, it

includes all workers in the ACS who were between 30 and 60 years old in the survey year.

Excluding workers younger than 30 increases the likelihood that they have completed their

education. Excluding workers above 60 helps avoid major-specific survival bias. Summary

statistics for the Extended LEHD sample are available in Table 1.

In column (2) of Table 8, we report age-earnings profile estimates using the Extended

LEHD. The model includes worker fixed effects and is thus comparable to the estimates

from column (4) of Table 3, whose estimates are reported in column (1) to facilitate com-

parisons. While no dramatic change is observed, it is interesting to see that in this larger

sample, estimates for technical and business degrees are marginally higher, while those for

social science marginally lower. In particular, the point estimates indicate that workers

with an engineering or computer science degree have earnings profiles on par or steeper

than all other majors except those with life and physical science degrees.

Our approach to aggregating majors is also driven by the choices in Deming and Noray

(2020). However, as Andrews et al. (2024) discuss, the use of a different or more detailed
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classification of majors could alter our results if there exists variation in returns to detailed

fields within each major classification. Furthermore, the residual category contains half

the sample and is an aggregation of diverse majors ranging from humanities (the biggest

group) to health related majors, education, vocational and even STEM majors like mathe-

matics and statistics. While this is not a problem per se, it does make interpretation more

challenging. For this reason, we consider an alternative, more disaggregated classification

based on the characterization of college majors used by Altonji et al. (2016).18 Specifically,

we define the following groups: applied science, business and economics, computer science,

education, engineering, humanities, medical services, natural science, services, and social

science. Table A5 shows the sub-categories included in each group.

Using this alternative classification, we re-estimate Equation (1), including worker fixed

effects, leaving humanities as the reference category. Table 9 shows estimates of age-

earnings profiles for each group and Figure 3 graphically depicts how relative earnings

change across the lifecycle. We do not find large changes for technical majors relative to

our main results. Engineering and applied science exhibit larger earnings growth relative

to humanities. Engineering in particular displays one of the steepest profiles across all

majors. Workers with a natural science major have the steepest profile. Workers with

medical related majors, a group that was part of the other major category in the previous

classification, also have steep slopes.

3.5 NSCG

An alternative approach for estimating age-earnings profiles is to use the National Survey

of College Graduates (NSCG), a publicly available data set providing information on col-

lege major and earnings. The NSCG is a survey of college graduates in the U.S. running

intermittently from 1993 to 2017. Deming and Noray (2020) use the NSCG as a robust-

ness check and continue to find slower earnings growth over the lifecycle for engineering,

computer science, and business majors.

For our purposes, the advantage of the NSCG relative to the ACS is that it provides a

18They classify college majors into a set of 51 categories used by the Department of Education.
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window into what young workers were earning during a much earlier period. This longer

time dimension makes it possible to explicitly allow for cohort-major effects.19 An addi-

tional advantage of the NSCG relative to the LEHD is that earnings are recorded after

workers complete their degrees. In Appendix C, we replicate the key patterns we observe

in age-earnings profiles using the NSCG.20 In particular, business and technical degree

holders are estimated to experience slower earnings growth over the life cycle relative to

other majors when we don’t account for changes in returns to major by cohort. Once we

incorporate cohort-by-major effects, engineering, computer science, and business majors

exhibit faster earnings growth over the life cycle. Full details are provided in Appendix C.

4 Conclusion

There is a vast literature in economics studying the impact of college major on labor market

outcomes. Most of this literature is focused on estimating the effect of major on average

earnings among all workers as opposed to how earnings vary across the life cycle with

major. This paper contributes to a small, but growing literature that explores the latter

question.

Recent works by Deming and Noray (2020) and Andrews et al. (2024) come to different

conclusions regarding relative earnings growth across college majors. Deming and Noray

(2020) use broad cross-sections of workers over a relatively short time horizon and find

that technical and business majors have slower earnings growth over the life cycle relative

to other majors. Andrews et al. (2024) instead use panel data on a few cohorts of Texas

college graduates and show that at least early in the life cycle, technical and business majors

experience faster earnings growth. Our paper reconciles these findings by exploiting many

cohorts of workers over a long time period using matched ACS and LEHD data. Similar to

Andrews et al. (2024), we find that technical majors experience faster wage growth relative

19Although the NSCG has a panel structure with restricted access, it tracks each individual for at most
four waves and does not extend as far back as the LEHD. Therefore, we prefer our estimates based on the
LEHD.

20One disadvantage of the NSCG is the smaller sample size relative to the ACS. As a result, age-earnings
profile estimates are less precisely estimated than in our main analysis.
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to other majors over the full life cycle and across the US. The discrepancy in results between

Deming and Noray (2020) and Andrews et al. (2024) is driven by our finding that recent

cohorts of engineering and computer science majors earn a higher premium relative to

humanities, education, and social science majors when compared with earlier cohorts.

A next natural question to ask is why the relative earnings premium has risen for these

majors. In our paper we consider two mechanisms, a change in the relative quality of

graduates in these fields and a change in the type of skills being accumulated. However,

our analysis is only suggestive and significant additional work needs to be done to more

fully disentangle supply-side and demand-side mechanisms consistent with rising major

premiums.
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Code replicating the tables and figures in this article can be found in Choi et al. (2025)

in the Harvard Dataverse, https://doi.org/10.7910/DVN/RI0UJY.
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Figure 1: Replication of Deming and Noray (2020) and LEHD Extension

(a) Without Individual Fixed Effects

(b) Including Individual Fixed Effects

Notes: Panel (a) replicates Figure V in Deming and Noray (2020). Each coefficient and 95% confidence

interval corresponds to estimates of βm,a in Equation (1) (without major dummies) using annual log

earnings as the dependent variable. The sample is all four-year graduates observed in the 2009-2017

American Community Survey between 23 and 50 year old with a valid major and occupation, excluding

military. We follow their categorization of majors to construct each group. The regression includes controls

for sex-by-age indicators, age and year fixed effects, race and ethnicity, U.S. citizenship, veteran status,

and an indicator for having any graduate school education. Panel (b) plots estimated age-earnings profiles

using the full earnings panel in the LEHD and a model that is similar to Panel (a) except it includes

worker fixed effects. Each point corresponds to βm,a plus major-specific averages of worker fixed effects.

95% confidence intervals are constructed only for estimates of βm,a. Observations are weighted using the

ACS person weights. Standard errors are clustered at the major-by-age bin level for panel (a) and at the

major-by age bin level and the individual level for panel (b).
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Figure 2: LEHD Gaps in Earnings Growth Relative to Excluded Majors

(a) Estimates Including Individual Fixed Effects

(b) Cross-Section and Panel Estimates for Technical and Business Majors

Notes: Panel (a) plots estimates and 95% confidence intervals of βm,a in Equation (1) using LEHD

annual earnings as dependent variable. Only individuals included in our replication of Deming and Noray

(2020)’s results are included in this sample. The regression includes individual fixed effects, sex-by-age

indicators, age and year fixed effects, race and ethnicity, U.S. citizenship, and veteran status. It also

include interactions of age with graduate school education and a control for the number of quarters worked

in a given year. Observations are weighted using the ACS person weights. Standard errors are clustered at

the major-by-age bin level and at the individual level. Panel (b) compares the estimates for Engineering

and Computer Science and Business presented in panel (a) with the results obtained using LEHD earnings

for the cross-sectional sample available in the ACS. The dashed lines correspond to the results in column

(3) of Table 2.
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Figure 3: LEHD Gaps in Earnings Growth Relative to Humanities

Notes: This figure shows estimates and 95% confidence intervals of βm,a in Equation (1), using LEHD

annual earnings as the dependent variable. The sample consists of college graduates between 30 and 60

years old in the ACS between 2009 and 2019 linked to annual earnings in the LEHD. The LEHD earnings

regression is limited to workers aged between 23 and 50. We classify majors into ten groups (Applied Sci-

ence, Business and Economics, Computer Science, Education, Engineering, Humanities, Medical Services,

Natural Science, Services, and Social Science) following Altonji et al. (2016) and leaving Humanities as

the reference category. The regression includes individual fixed effects, sex-by-age indicators, age and year

fixed effects, race and ethnicity, U.S. citizenship, and veteran status. It also includes interactions of age

with graduate school education and a control for the number of quarters worked in a given year. Observa-

tions are weighted using the ACS person weights. Standard errors are clustered at the major-by-age bin

level and at the individual level.
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Table 1: Summary Statistics, ACS and LEHD

Unit ACS LEHD Extended LEHD

Person % Male 46.9 46.8 46.6
% White 78.8 74.8 75.8

% Engineering & CS 13.1 13.5 13.0
% Business 20.9 20.5 20.9
% Life & Physical Science 8.7 8.7 8.7
% Social Science 7.6 7.5 7.6
% Others 49.7 49.8 49.8
Total Persons 2,808,501 2,398,000 5,901,000

Person-Year Years per person 1.0 18.3 17
% Before 2005 0.0 28 39.7
% 2005-2009 10.7 22.4 22.1
% 2010-2014 53.6 26.4 20.7
% After 2015 35.7 23.2 17.5
Total Person-Years 2,808,501 38,020,000 76,450,000

Notes: The ACS sample includes all respondents surveyed between 2009 and 2017 aged 23-50 with
at least a bachelor’s degree who report a valid major. ACS data is extracted from the Integrated
Public Use Microdata Series (IPUMS) 1% samples (Ruggles et al., 2021). The LEHD sample includes
all matched individuals from the 2009–2017 ACS waves who report valid major and occupation. The
Extended LEHD sample includes all matched individuals from the 2009–2019 ACS waves who are aged
30-60 during the ACS survey and report a valid major.
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Table 2: Log Earnings Growth Estimates, ACS and LEHD

βm,a

ACS LEHD

Major m Age a (1) (2) (3) (4) (5)

Engineering & CS 29-30 -0.050 -0.107 -0.085 0.002 0.025
(0.059) (0.057) (0.066) (0.059) (0.037)

39-40 -0.126 -0.167 -0.115 -0.009 0.065
(0.071) (0.067) (0.075) (0.068) (0.039)

49-50 -0.167 -0.216 -0.165 -0.032 0.071
(0.075) (0.073) (0.080) (0.076) (0.043)

Business 29-30 -0.103 -0.100 -0.118 -0.111 -0.095
(0.054) (0.051) (0.059) (0.051) (0.018)

39-40 -0.149 -0.133 -0.163 -0.145 -0.116
(0.062) (0.058) (0.062) (0.057) (0.022)

49-50 -0.182 -0.167 -0.195 -0.182 -0.158
(0.068) (0.065) (0.071) (0.063) (0.024)

L&P Science 29-30 0.213 0.192 0.158 0.207 0.190
(0.091) (0.089) (0.075) (0.077) (0.054)

39-40 0.428 0.361 0.391 0.432 0.425
(0.103) (0.094) (0.079) (0.084) (0.058)

49-50 0.430 0.391 0.424 0.462 0.457
(0.102) (0.098) (0.085) (0.088) (0.057)

Social Science 29-30 0.053 0.052 0.019 0.070 0.076
(0.054) (0.052) (0.060) (0.051) (0.022)

39-40 0.112 0.074 0.094 0.136 0.146
(0.062) (0.058) (0.062) (0.057) (0.026)

49-50 0.093 0.046 0.065 0.104 0.131
(0.067) (0.065) (0.071) (0.063) (0.029)

N 2,808,501 2,398,000 2,398,000 38,020,000 38,020,000
Worker FE N N N N Y

R2 0.197 0.207 0.176 0.197 0.591

Notes: This table presents estimates of Equation (1) using various samples and specifications. Column (1)
presents estimates from the ACS sample used by Deming and Noray (2020) with the addition of major dummies.
In column (2), we limit the ACS sample to those individuals who also appear in the LEHD. The sample in
column (3) is identical to column (2), but the outcome is based on LEHD earnings. Columns (4)-(5) include
the same workers as in columns (2) and (3), but use the full earnings panel in the LEHD. Column (5) also
includes worker fixed effects. All regressions include major dummies, sex-by-age indicators, age and year fixed
effects, race and ethnicity, U.S. citizenship, and veteran status. Observations are weighted using the ACS person
weights. Standard errors are clustered at the major-by-age bin level and at the individual level. CS: Computer
Science, L&P Science: Life and Physical Science.
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Table 3: LEHD Log Earnings with Graduate Degree Profiles and Labor Supply Controls

βm,a

Graduate degree Labor supply

profiles controls Both

Major m Age a (1) (2) (3) (4)

Engineering & CS 29-30 0.025 0.037 -0.036 -0.027
(0.037) (0.028) (0.013) (0.011)

39-40 0.065 0.093 -0.014 0.004
(0.039) (0.029) (0.013) (0.012)

49-50 0.071 0.104 -0.001 0.022
(0.043) (0.033) (0.020) (0.017)

Business 29-30 -0.095 -0.062 -0.037 -0.017
(0.018) (0.016) (0.009) (0.008)

39-40 -0.116 -0.043 -0.023 0.024
(0.022) (0.020) (0.010) (0.010)

49-50 -0.158 -0.074 -0.041 0.016
(0.024) (0.023) (0.012) (0.011)

L&P Science 29-30 0.190 0.125 0.106 0.065
(0.054) (0.033) (0.042) (0.028)

39-40 0.425 0.258 0.269 0.161
(0.058) (0.034) (0.046) (0.029)

49-50 0.457 0.269 0.297 0.172
(0.057) (0.035) (0.044) (0.029)

Social Science 29-30 0.076 0.055 0.049 0.036
(0.022) (0.021) (0.010) (0.010)

39-40 0.146 0.098 0.107 0.077
(0.026) (0.024) (0.012) (0.012)

49-50 0.131 0.080 0.103 0.069
(0.029) (0.027) (0.013) (0.013)

N 38,020,000 38,020,000 38,020,000 38,020,000
Worker FE Y Y Y Y

R2 0.591 0.595 0.788 0.790

Notes: This table presents estimates of Equation (1) using the full panel of earnings in the LEHD and
incorporating worker fixed effects. Column (1) is a repeat of the results from column (5) of Table 2. Column
(2) includes interactions between age group and advanced degree indicators (holding a master’s degree and
holding a professional degree or Ph.D.). Column (3) includes separate indicator variables for the number of
quarters worked each year. Column (4) includes both sets of controls. Observations are weighted using the
ACS person weights. Standard errors are clustered at the major-by-age bin level and at the individual level.
CS: Computer Science, L&P Science: Life and Physical Science.
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Table 4: Share of Advanced Degrees by College Major

Share with
Major m Advanced Degree

Engineering & Computer Science 35.9
Business 22.3
Life & Physical Science 54.5
Social Science 40.0
Others 36.3

Notes: This table displays the share of individuals with a graduate
degree by major category.

Table 5: Share of Full-time Work by College Major and Age Group

Major m

Engineering & Life & Physical Social
Age a CS Business Science Science Others

23-24 77.8 84.4 74.7 77.8 81.1
25-26 86.5 89.8 80.8 84.0 87.1
27-28 89.2 91.4 84.9 87.5 89.6
29-30 91.2 92.5 88.4 89.9 91.0
31-32 92.7 93.3 90.5 91.5 91.8
33-34 93.9 93.8 92.0 92.5 92.5
35-36 94.5 94.1 93.2 93.0 93.0
37-38 95.0 94.3 94.1 93.4 93.6
39-40 95.3 94.6 94.6 93.8 94.0
41-42 95.6 94.8 95.1 94.2 94.5
43-44 95.8 95.0 95.3 94.5 94.9
45-46 96.0 95.2 95.5 94.5 95.2
47-48 96.1 95.3 95.8 94.7 95.4
49-50 96.0 95.3 95.7 94.7 95.5

Notes: This table shows the share of individuals in the LEHD sample with positive
earnings in at least three quarters in a given year for each age group and major
combination. CS: Computer Science.
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Table 6: LEHD Log Earnings Estimates, Mechanisms

βm,a

Cross- Panel Without Worker Cohort-by- Year-by-major

Section Worker FE FE major FE FE

Major m Age a (1) (2) (3) (4) (5)

Engineering & CS 29-30 -0.137 -0.041 -0.027 -0.031 -0.048
(0.071) (0.068) (0.011) (0.067) (0.068)

39-40 -0.177 -0.059 0.004 -0.039 -0.071
(0.079) (0.071) (0.012) (0.071) (0.072)

49-50 -0.196 -0.064 0.022 -0.033 -0.087
(0.081) (0.078) (0.017) (0.078) (0.079)

Business 29-30 -0.059 -0.025 -0.017 -0.022 -0.026
(0.048) (0.043) (0.008) (0.043) (0.043)

39-40 -0.055 -0.005 0.024 -0.003 -0.007
(0.056) (0.052) (0.010) (0.051) (0.052)

49-50 -0.065 -0.015 0.016 -0.008 -0.018
(0.063) (0.059) (0.011) (0.059) (0.059)

L&P Science 29-30 0.078 0.077 0.065 0.072 0.080
(0.074) (0.058) (0.028) (0.057) (0.058)

39-40 0.193 0.178 0.161 0.161 0.184
(0.076) (0.062) (0.029) (0.061) (0.063)

49-50 0.244 0.198 0.172 0.187 0.209
(0.081) (0.067) (0.029) (0.066) (0.068)

Social Science 29-30 0.009 0.028 0.036 0.028 0.028
(0.049) (0.042) (0.010) (0.042) (0.042)

39-40 0.036 0.066 0.077 0.059 0.067
(0.055) (0.049) (0.012) (0.049) (0.050)

49-50 0.027 0.049 0.069 0.050 0.055
(0.061) (0.056) (0.013) (0.056) (0.056)

N 2,398,000 38,020,000 38,020,000 38,020,000 38,020,000
R2 0.510 0.517 0.790 0.517 0.517

Notes: This table presents estimates of Equation (1) using LEHD earnings as the dependent variable for various
samples and specifications. All columns also include age by graduate degree indicators and quarters worked indica-
tors. Column (1) uses a sample of individuals who appear concurrently in the ACS and LEHD. Columns (2)-(5) use
the same workers as in column (1), but all earnings observations. Column (2) presents estimates without worker
fixed effects. Column (3) includes worker fixed effects. Columns (4) and (5) replace worker fixed effects with cohort-
by-major and year-by-major fixed effects, respectively. Observations are weighted using the ACS person weights.
Standard errors are clustered at the major-by-age bin level and at the individual level. CS: Computer Science, L&P
Science: Life and Physical Science.
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Table 7: Log Earnings Estimates by Birth Cohort

By Birth Cohort

LEHD Born ≤ 1970 Born > 1970
Major m Age a (1) (2) (3)

Engineering & CS 29-30 -0.027 0.017 -0.035
(0.011) (0.017) (0.011)

39-40 0.004 0.021 0.011
(0.012) (0.017) (0.012)

47-48 0.018 0.039 0.040
(0.015) (0.018) (0.015)

49-50 0.022 0.046
(0.017) (0.020)

Business 29-30 -0.017 0.005 -0.019
(0.008) (0.014) (0.008)

39-40 0.024 0.038 0.027
(0.010) (0.016) (0.010)

47-48 0.018 0.031 0.032
(0.010) (0.015) (0.011)

49-50 0.016 0.032
(0.011) (0.015)

L&P Science 29-30 0.065 0.049 0.065
(0.028) (0.029) (0.029)

39-40 0.161 0.143 0.163
(0.029) (0.026) (0.030)

47-48 0.169 0.153 0.172
(0.029) (0.026) (0.031)

49-50 0.172 0.156
(0.029) (0.026)

Social Science 29-30 0.036 0.080 0.032
(0.010) (0.014) (0.010)

39-40 0.077 0.125 0.071
(0.012) (0.015) (0.012)

47-48 0.069 0.116 0.076
(0.012) (0.015) (0.013)

49-50 0.069 0.118
(0.013) (0.015)

N 38,020,000 14,640,000 23,380,000
R2 0.790 0.789 0.787

Notes: This table presents estimates of Equation (1) using the full panel of
earnings in the LEHD separately by birth cohort. Column (1) is a repeat of
the results from column (4) of Table 3. Columns (2) and (3) present separate
estimates for the subsample of individuals born in 1970 or earlier, and after 1970,
respectively, using the same specification. Observations are weighted using the
ACS person weights. Standard errors are double clustered at the major-by-age
bin level and at the individual level. CS: Computer Science, L&P Science: Life
and Physical Science.
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Table 8: Log Earnings Estimates for Extended LEHD Sample

βm,a

LEHD Extended LEHD
Major m Age a (1) (2)

Engineering & CS 29-30 -0.027 0.002
(0.011) (0.012)

39-40 0.004 0.042
(0.012) (0.013)

49-50 0.022 0.054
(0.017) (0.018)

Business 29-30 -0.017 -0.001
(0.008) (0.011)

39-40 0.024 0.041
(0.010) (0.014)

49-50 0.016 0.028
(0.011) (0.016)

L&P Science 29-30 0.065 0.065
(0.028) (0.029)

39-40 0.161 0.163
(0.029) (0.031)

49-50 0.172 0.173
(0.029) (0.031)

Social Science 29-30 0.036 0.043
(0.010) (0.014)

39-40 0.077 0.077
(0.012) (0.017)

49-50 0.069 0.056
(0.013) (0.019)

N 38,020,000 76,450,000
R2 0.790 0.803

Notes: This table presents estimates of Equation (1) with worker fixed
effects using the LEHD and Extended LEHD samples. Column (1) is
a repeat of the results from column (4) of Table 3. Column (2) uses
the sample of matched individuals from the 2009-2019 ACS waves aged
30-60 when interviewed and who reported a valid major and the same
specification as column (1). Observations are weighted using the ACS
person weights. Standard errors are clustered at the major-by-age bin
level and at the individual level. CS: Computer Science, L&P Science:
Life and Physical Science.
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Table 9: Log Earnings Estimates by Detailed Major Classification

Major m Age a βm,a Major m Age a βm,a

Applied Science 29-30 0.027 Medical Services 29-30 0.040
(0.017) (0.015)

39-40 0.061 39-40 0.078
(0.018) (0.016)

49-50 0.116 49-50 0.167
(0.020) (0.020)

Engineering 29-30 -0.001 Natural Science 29-30 0.068
(0.016) (0.028)

39-40 0.036 39-40 0.176
(0.017) (0.029)

49-50 0.094 49-50 0.215
(0.019) (0.030)

Business & Economics 29-30 0.006 Services 29-30 -0.008
(0.015) (0.028)

39-40 0.056 39-40 -0.015
(0.017) (0.028)

49-50 0.078 49-50 -0.004
(0.018) (0.030)

Computer Science 29-30 0.001 Social Science 29-30 0.006
(0.016) (0.020)

39-40 0.053 39-40 0.014
(0.017) (0.021)

49-50 0.059 49-50 0.028
(0.019) (0.022)

Education 29-30 -0.038
(0.016)

39-40 -0.049
(0.018)

49-50 0.014
(0.020)

N 76,450,000
R2 0.803

Notes: This table presents estimates of Equation (1) with worker fixed effects using the same
sample and controls as column (2) of Table 8, but a more detailed classification of majors.
We classify majors into ten groups following Altonji et al. (2016), leaving Humanities as the
reference category. Observations are weighted using the ACS person weights. Standard errors
are clustered at the major-by-age bin level and at the individual level.
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